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Introdu
tionThe topi
 of this dissertation is the estimation of e
onomi
 models of indi-vidual behavior taking expli
itly into a

ount so
ial intera
tions, i.e. modelsin whi
h 
hoi
es of a referen
e group have an impa
t on individual behavior.A

ording to the 
ontext in whi
h they are applied, so
ial intera
tions ef-fe
ts have been 
alled peer e�e
ts, network e�e
ts, so
ial multiplier. Again,depending on the appli
ation the referen
e group 
an be the family, the 
om-munity in whi
h a person live, the network of friends, the 
olleagues and soon. The re
ent literature has shown a growing awareness in the e
onomi

ommunity that individual interdependen
ies 
an have an e
onomi
 impa
tover and above the standard market me
hanism, an awareness whi
h is alsosupported by the development of game theoreti
al models. This led to anin
reasing interest in intera
tion�based models and to the theoreti
al andempiri
al issues they involve.In a nutshell, so
ial intera
tions modelling and estimation require an an-alyti
al des
ription of the simultaneous 
hoi
es of referen
e group's membersand of their interdependen
ies. The theoreti
al framework is based on gametheory models and on the growing literature on networks: an early reviewon the topi
 is Bro
k and Durlauf (2000), extended by Ioannides (2006)andS
heinkman (2004). Intera
tion�based models relate also with the so
ial 
ap-ital literature: when intera
tions are based on re
ipro
al trust and build up
ommunity ties di�eren
es between the 
on
epts of so
ial intera
tions andso
ial 
apital fade away.From an empiri
al point of view the main tasks depend on the `re�e
tionproblem', as it was de�ned by Manski (1993) in a seminal paper: in a re-gression model so
ial intera
tions appear among the independent variablesas the expe
ted value on the referen
e group of the dependent variable Y(endogenous e�e
t) or of a regressor X (
ontextual e�e
t). The fa
t that thesame variable Y appears on both sides of the equation rise an endogeneity is-sue. Further on, if the model is linear in the expe
ted values endogenous and
ontextual e�e
ts are not separately identi�able. Last but not least, evenif those two issues are solved maximum likelihood estimation involves the5



inversion of an n × n matrix, where n is the number of observations. Sin
ethis matrix needs not to be symmetri
, this inversion rises 
omputationalproblems for large datasets.Endogeneity is usually solved by Instrumental Variables estimation, evenif the sear
h for a valid instrument is not easy. Identi�
ation is a
hievedeither assuming out 
ontextual e�e
ts (or, more rarely, endogenous e�e
ts),or imposing ex
lusion restri
tions on 
hara
teristi
s of the referen
e groupin�uen
ing the two e�e
ts: see Bramoullé et al. (2007) for an exhaustivedis
ussion on this topi
.The 
omputational problem often is not an issue sin
e dataset provid-ing information on intera
tions are usually small. This is not the 
ase inthe present work: the �rst 
hapter's model is estimated on CEX, whi
h is aUS population wide survey, and the third 
hapter's on a European datasetof similar dimension. This 
hoi
e allows to draw inferen
e and 
on
lusionswhi
h are easy to generalize, at the pri
e of developing an estimation strategythat 
ope with all the issues arising from the re�e
tion problem, in
luding the
omputational di�
ulties. Su
h an approa
h is based on a GMM estimatorthat do not require the n× n matrix inversion taken from the spatial e
ono-metri
s literature: details on this pro
edure are given in the �rst 
hapter.Using survey data whi
h was not originally 
olle
ted to study so
ial inter-a
tions rises an additional problem, whi
h is the identi�
ation of the referen
egroup of ea
h individual. A building blo
k of the proposed estimation pro-
edure is the 
laim that people belonging to the same referen
e group arein some way similar, where the dimensions on whi
h similarity is measureddepend on the problem at hand. In other words, it is possible to measurean `e
onomi
 distan
e' between individuals. This 
on
ept is not new in theso
ial intera
tions literature: Akerlof (1997) set up a model where individualpreferen
es depend on a `so
ial distan
e' similar to the similarity measure Iwill adopt.The dissertation is 
omposed of three 
hapters in the form of self�
ontainedpapers whi
h examine the e
onomi
 modelling of so
ial intera
tions on di�er-ent settings, and share a 
ommon estimation pro
edure as des
ribed above.The �rst 
hapter, `A demand system with So
ial Intera
tions: eviden
efrom CEX' ta
kle dire
tly the problem of identifying referen
e groups in apopulation�wide survey as the Ameri
an Consumers' Expenditures Survey,whi
h does not have any dire
t information on relations among respondentsand peer membership. Similarity between individuals is 
aptured by an `e
o-nomi
 distan
e' measure, whi
h allows to order 
orre
tly the probabilitiesof peer membership and thus solves the identi�
ation problem. Given thisordering so
ial intera
tions e�e
ts are 
onsistently estimated writing the de-mand system at hand as a Spatial Autoregressive model and estimating it6



with the appropriate GMM estimator.In `Does So
ial Capital redu
e moral hazard? A network model for non�life insuran
e demand', a joint work with Giovanni Millo, the obje
tive is tostudy the demand for insuran
e of agents that 
an enter informal risk�sharingagreements with members of their 
ommunity. The number of potential part-ners in those agreements 
onstitutes the `So
ial Capital' of ea
h individual,whi
h is de�ned in terms of density of the network des
ribing 
ommunities.A network�based de�nition of So
ial Capital allows us to use the e
onometri
tools developed in the �rst 
hapter to estimate the model on a provin
e�levelItalian dataset.The last 
hapter, `So
ial intera
tion e�e
ts in an inter�generational modelof informal 
are giving', joint with Lisa Callegaro, deals with the intera
tionsamong 
hildren fa
ing the de
ision of providing 
are to their elderly parents.The aim was to investigate whether adult 
hildren 
hoose strategi
ally, mean-ing taking into a

ount brothers and sisters 
hoi
es, and what is the e�e
t ofsu
h a behavior on their parents satisfa
tion. We set up the model as a non�
ooperative game among parents and ea
h of their siblings and again we usethe spatial e
onometri
 tools to identify the set of instruments that allowsus to solve the endogeneity problem embedded in so
ial intera
tions models.We use SHARE data, an European dataset on the 50+ population, to esti-mate the model. We 
hose this in order to have an heterogeneous samplewith respe
t to institutional settings and 
ultural di�eren
es, thus providingdata to 
he
k whether so
ial intera
tions matter on
e those di�eren
es area

ounted for.
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Chapter 1A demand system with so
ialintera
tions: eviden
e from CEXabstra
tA Quadrati
 Almost Ideal Demand System that allows for so
ial intera
tionsis des
ribed and then estimated on CEX data. So
ial intera
tions are intro-du
ed as mean budget shares and depend on peer membership and visibility.Peer identi�
ation is obtained by means of a similarity index whi
h measuresthe probability of group membership. Re�e
tion problem is ta
kled dire
tlyand therefore estimation is 
arried on with a Generalized Spatial 2SLS thatdeal with two types of endogeneity: the �rst is due to 
ontemporaneous
hoi
es of households, the se
ond is due to 
ontemporaneous 
hoi
e of goods.Results support the hypothesis that expenditure allo
ation to budget sharesdepends both on so
ial intera
tion and visibility.1.1 Introdu
tionMen are so
ial animals. People do not live in isolation, almost any e
onom-i
ally relevant a
tion and 
hoi
e is taken in a parti
ular so
ial environment,and behavior of others are likely to in�uen
e individual a
tivities. Even ifthis 
an be 
onsidered a 
ommon sense statement, traditional e
onomi
 mod-els of individual behavior assume that agents 
hoose in perfe
t isolation andpreferen
es are not dire
tly in�uen
ed by the behavior of others. Neverthe-less the idea that peer e�e
ts do matter attra
ted a number of e
onomists indi�erent �elds, that tried to in
lude so
ial intera
tions in models of edu
a-tional attainment, job sear
h, 
rime and deviating behavior, early pregnan
y8



and many others1. Unfortunately, most of the empiri
al eviden
e is drawnfrom spe
i�
 datasets or natural experiments, therefore limiting the validityof the results to parti
ular sub�populations.Interdependent preferen
es were 
onsidered also in 
onsumption litera-ture: if Mr Smith buys a brand new 
ar to keep up with Mr Jones, thismeans that Mr Smith preferen
es are in�uen
ed by Mr. Jones' one. Thequestion is whether so
ial intera
tions matter in 
onsumption 
hoi
es: isit reasonable to think that at least for some goods 
onsumption 
hoi
es offriends, 
olleagues or in general peers play a role in individual 
hoi
es? Thispaper aims to shed some light on this issue.This study is mainly empiri
al: although a 
omplete 
hara
terization ofpreferen
es is not provided, so
ial intera
tions will be expli
itly allowed forand introdu
ed as a 
onditioning fa
tor in a demand system. The obje
tiveis to assess their relevan
e using a US�wide survey as the Consumers' Ex-penditures Survey (CEX). Results suggest that so
ial intera
tions do matter.The introdu
tion of peer e�e
ts in an empiri
al 
onsumption model risestwo e
onometri
 issues: the de�nition of the relevant referen
e group for ea
hindividual, and a parti
ular kind of endogeneity, 
alled re�e
tion problem byManski (1993). The estimation strategy proposed in this paper ta
kles bothof them dire
tly. The idea is to use a measure of similarity to identify peermembership and on this basis re�de�ne the demand system as a SpatialAutoregressive Model (SAR).Next se
tion des
ribes the E
onomi
 Model - the Quadrati
 Almost IdealDemand System (QUAIDS) proposed by Banks et al. (1997) - the separabilityassumptions needed to restri
t the attention to demand systems, the in
lusionof 
onditioning fa
tors and how so
ial intera
tions are modelled. In se
tion3 the dataset is des
ribed, the following one is devoted to the estimationstrategy and results. Con
lusions are in Se
tion 5.1.2 The E
onomi
 ModelThe framework on whi
h 
onsumption behavior is modelled is the Life Cy
leHypothesis of Modigliani. The model des
ribes 
onsumers' 
hoi
es as themaximization of an expe
ted intertemporal utility fun
tion under an appro-priate budget 
onstraint. The utility fun
tion depends on 
onsumption ofdurables and non�durables in ea
h period and hours of work on ea
h period.In order to redu
e this general problem to a treatable one, an intertemporalseparability assumption is needed.1A useful review is Bro
k and Durlauf (2000). Durlauf and Young (2001) tried to putthe re
ent literature within a 
ommon framework.9



To be spe
i�
, it is assumed that the obje
tive fun
tion is intertepo-rally additive in 
onsumption of non�durable goods. It is well known thatthis assumption implies two�stage budgeting: in the �rst stage householdsequates the dis
ounted marginal utility of ea
h period and determines totalnon�durables expenditures, hours of work and durables' 
onsumption of ea
hperiod. In the se
ond stage 
onsumers allo
ate total expenditures to ea
hnon�durable good. This allo
ation pro
ess 
an be des
ribed by means of ademand system.The se
ond key assumption is that so
ial intera
tion matters only at these
ond stage. As to say, saving de
isions are not a�e
ted by others' behavior,therefore peer group e�e
t on 
onsumption is 
onditional on total expenditureand enter in the demand system, yet not in the Euler equation des
ribingthe �rst�stage.While intertemporal separability is a standard assumption even if it'snot inno
uous, the se
ond one is not and it's 
ru
ial in this paper. Binderand Pesaran (2001) propose a theoreti
 life�
y
le model where so
ial inter-a
tions' impa
t on optimal 
onsumption depend on intertemporal 
onsider-ations. However, they do not rule out the possibility that so
ial intera
tionsmatter also in total expenditure allo
ation, and even if they infer that in-tertemporal 
onsiderations should be more relevant then stati
 ones, theirpaper is purely theoreti
, so still there is no empiri
al eviden
e on the rela-tive importan
e of peer e�e
ts on savings and 
onsumption allo
ation. Fur-ther on, the se
ond assumption 
an be substituted by the following: so
ialintera
tions e�e
ts on savings and on 
onsumption are separable. In thisway so
ial intera
tions in �rst stage are not ruled out. The key point is thatwhatever the assumption it is meaningful to 
on
entrate the attention on thedemand system.1.2.1 So
ial intera
tionsSo
ial Intera
tions' e�e
t 
an be de�ned as follows: �the propensity of anindividual to behave in some way varies with the prevalen
e of that behaviorin some referen
e group 
ontaining the individual� (Manski (1993)). Thisde�nition is as broad as possible and in a demand analysis framework ithas been previously 
alled preferen
e interdependen
e (Alessie and Kapteyn(1991)), meaning that 
onsumer's preferen
es are in�uen
ed by the behaviorof others.Manski makes three hypotheses to explain this empiri
al observation:1. Endogenous e�e
ts: the propensity of an individual to behave in someway is a�e
ted by the behavior of the group. That is, demand of good10



i of 
onsumer h 
hanges with the average demand of good i by otherpeople in his referen
e group;2. Contextual e�e
t: the propensity of an individual to behave in someway is a�e
ted by the exogenous 
hara
teristi
s of the group. Thatis, demand for good i by household h depends on the average totalexpenditure or on the average 
hara
teristi
s in z of individuals in thereferen
e group.3. Correlated e�e
ts: individuals in the same group tend to behave simi-larly be
ause they have similar (unobserved) individual 
hara
teristi
s.Endogenous and 
ontextual e�e
t are then `e
onomi
ally meaningful' so-
ial intera
tions' e�e
ts, while 
orrelated e�e
t re�e
ts an omitted variableproblem, and therefore it is not a so
ial e�e
t of the variety we want toidentify.Manski sets up a general linear�in�means model where the output y de-pend linearly on the averages on the referen
e group of the output itself, ofthe independent variables and of the unobserved attributes. The presen
e ofthe average output variable on the right�hand�side of the regression equationrises what the author 
alls the �re�e
tion problem�, whi
h does not allow toseparately identify endogenous and 
ontextual e�e
ts. Nevertheless, in theredu
ed form of the model it is possible to identify a 
omposite parameter
apturing truly so
ial intera
tions' e�e
ts separately from 
orrelated e�e
ts.The aim of this paper is to dete
t whether or not there is any signi�
ante�e
t of so
ial intera
tions on demand. To keep things as easy and tra
tableas possible, the assumption is that there are no 
ontextual e�e
ts. In otherwords the e�e
t of the peers is fully 
aptured by the average demand inthe referen
e group. This hypothesis is somewhat unavoidable: the demandsystem is linear�in�means, therefore without assuming out 
ontextual e�e
tit's possible to estimate just the redu
ed form in whi
h so
ial e�e
ts are
aptured by one so
ial e�e
ts' 
omposite parameter.1.2.2 Conditional demandConditional demand fun
tions were �rstly introdu
ed by Pollak (1969). Theyturn out to be useful sin
e they allow to model demand for I goods wiwithout expli
itly modelling the utility dependen
e on a se
ond set I ′ ofgoods. Pollak's idea was to deal with non�market goods, or more generallygoods whi
h are allo
ated independently on the market me
hanism. This isthe 
ase of so
ial intera
tions: given the assumption on absen
e of 
ontextuale�e
t, the so
ial intera
tion e�e
t on wi is the average demand for good i,11



E[wi|Xh], where Xh stands for h's so
ial network. the obje
tive is to studythe e�e
t of being part of a given so
ial network on the demand for a set ofgoods.Then, ea
h individual maximizes Uh(w1, . . . , wI) subje
t to the usual bud-get 
onstraint
I
∑

i=1

piwi = mand to the additional 
onstraints E[wi|Xh] = w̃i ∀i = 1, . . . I. Note thatthis does not mean w̃i is exogenous, but simply it is not a 
hoi
e variableof the individual. Demand fun
tions for ea
h good i depend on pri
es andquantities of the other I −1 goods, total expenditure on them m, and on themean demand on ea
h good w̃:
wi = f({wj}j 6=i, {pj}, {w̃j})Pollak (1971) proves that, di�erently from un
onditional demand, it doesnot depend on pri
es of w̃ goods, nor on m̃, total expenditure on 
onditionalgoods. Hen
e a test for separability 
onsists on testing whether demands widepend on quantities w̃. In the present 
ontext testing separability meanstesting relevan
e of so
ial intera
tions on 
onsumer 
hoi
es. Non�separabilityfor
e to 
onsider any impli
ation of the demand system's study as 
onditionalon the so
ial network an individual is part of. It's di�
ult to go further with-out ta
kling dire
tly utility dependen
e on so
ial intera
tions: as Browningand Meghir (1991) point out, it's not possible to infer anything on preferen
esover so
ial intera
tions observing 
onditional demands alone. Thus, the mainfo
us of the present paper will be to test whether non�durable 
ommoditydemands are separable from so
ial intera
tions.1.2.3 The Demand System: QUAIDSThe starting point is the Quadrati
 Almost Ideal Demand System (QUAIDS)of Banks et al. (1997). This is a quadrati
 extension of the well�knownAlmost Ideal Demand System (AIDS) of Deaton and Muellbauer (1980),shares all its features plus it allows for heterogeneous Engel 
urves. QUAIDS
an be seen as a quadrati
 lo
al approximation of almost any demand systemthat is exa
tly aggregable, meaning that it's linear in (fun
tions of) totalexpenditure. De�ne

I number of 
onsumption goods; 12



H number of 
onsumers;
m total expenditure;
wi expenditure share on good i2;
pi pri
e of good i and p pri
es' ve
tor;The budget share for good i by household h is

wh
i = αi +

I
∑

j=1

γij ln pj + βi ln

[

mh

a(p)

]

+
λi

b(p)

(

ln

[

mh

a(p)

])2 (1.1)where
ln a(p) = α0 +

∑I
i=1 αi ln pi + 1

2

∑I
i=1

∑I
j=1 γij ln pi ln pj

b(p) =
∏I

i=1 pβi

i

a(p) and b(p) are pri
e aggregators: the former takes a translog form,the latter a Cobb�Douglas. It's relevant for estimation purposes to dis
ussproperties and possible restri
tions on these pri
e aggregators: 
onditional on
a(p) and b(p) demands are linear in pri
es and quadrati
 in total expenditure.Restri
tions on b(p) have to do with the rank of the demand system, whi
hLewbell (1991) de�nes as the dimension of the spa
e spanned by its Engel
urves. Therefore, (1.1) has a rank lower or equal to 3. Banks et al. (1997)prove that in any rank 3 exa
tly aggregable demand system the squaredterm's 
oe�
ient must be pri
e dependent, i.e. b(p) 
annot be 
onstant. Theauthors refer to Gorman (1981) where it is proved that the maximum possiblerank for any exa
tly aggregable demand system is 3. Therefore, there's nogain adding 
ubi
 and higher terms to the demand equations. They alsoshow that empiri
al Engel 
urves estimated on British data indi
ates thatthe demand system has rank 3. Note that (1.1) nests QUAIDS with 
onstant
b(p), whi
h is simpler to estimate at the pri
e of restri
ting Engel 
urves'shape. This latter model itself nests AIDS. Blundell et al. (1993) obtaina good �t with a QUAIDS where b(p) is set to 1 and therefore rank is 2.In this paper the 
hoi
e is to write a general rank 3 QUAIDS with so
ialintera
tions, but then 
arry out the estimation setting b(p) = 13.2For the sake of simpli
ity and in order not to 
ompli
ate notation, we use the samesymbol for amounts and shares3Estimation has been 
arried on also restri
ting to AIDS. Results (whi
h are not re-ported) suggest that as long as the interest is in so
ial intera
tions' e�e
t, 
on
lusions arequalitatively similar 13



1.2.4 Properties of Demand SystemsIn order to be a demand system, (1.1) must respe
t adding up, zero�homogeneityin p and m simultaneously, symmetry and negative semi�de�niteness of theSlutsky matrix of 
ompensated pri
e elasti
ities. All of them but for Slutskymatrix negative semi�de�nitness (whi
h therefore has to be 
he
ked ex�post)
an be modelled in terms of linear restri
tions on the parameters:
I
∑

i=1

αi = 1;

I
∑

i=1

γij = 0;

I
∑

i=1

βi = 0;

I
∑

i=1

λi = 0 (1.2)
I
∑

j=1

γij = 0; (1.3)
γij = γji ∀i, j (1.4)(1.2) implies adding up; (1.2) and (1.3) together imply zero�homogeneity.Conditions (1.2) and (1.4) together imply Slutsky symmetry. Among them,if pri
e aggregators were known only (1.4) would set 
ross�equations restri
-tions. This observation will be useful for estimation: 
onditioning on prelim-inary estimates of a(p) and setting b(p) = 1 it's possible to impose addingup and homogeneity (i.e. restri
tion (1.2) and (1.3)) and estimate the systemequation by equation.In
ome elasti
ities are linear transformations of the parameters:

eh
i =

βi + 2γi ln mh

wh
i

+ 1 (1.5)Un
ompensated and 
ompensated pri
e elasti
ities are 
omputed simi-larly:
eh

ij =
γij

wh
i

− (βi + 2γi ln mh)
wh

j

wh
i

− Kδ (1.6)
ẽh

ij = eh
ij + eh

i w
h
j δ (1.7)Where Kδ is the Krone
ker delta.1.2.5 Demographi
sWith household data 
onsumer preferen
es must be allowed to depend onindividual 
hara
teristi
s, i.e. demographi
s z4 must enter (1.1). There are4z is a K dimensional ve
tor, where K is the number of observable individual 
hara
-teristi
s 14



di�erent ways to do it, a simple one is to 
onsider αi, βi, λi as household�hspe
i�
: they are re�written as polynomials in z to make demographi
s' e�e
texpli
it. Note also that z in
lude deterministi
 time�dependent variables(seasonal/year dummies). Then, ∀i 6= 0:
αh

i = αi0 +
K
∑

k=1

αikz
h
k (1.8)

βh
i = βi0 +

K
∑

k=1

βikz
h
k (1.9)

λh
i = λi0 +

K
∑

k=1

λikz
h
k (1.10)This is the most general formulation in
luding demographi
s. The threepolynomials need not to depend on all the K elements of z: it is enough to seta�priori (or test ex�post) the relevant parameters equal to zero. Nevertheless,it is not inno
uous to limit demographi
s to 
hange αh

i but not βh
i or λh

i :looking ba
k to (1.5), (1.6) and (1.7), this means su
h a demographi
s a�e
tonly the inter
ept and thus the level of a parti
ular 
onsumption share wi,but not its elasti
ities. Ba
k to the main 
ase, substituting the new αh
i , βh

iand λh
i into (1.1):

wh
i = αi0 +

K
∑

k=1

αikz
h
k

+

I
∑

j=1

γij ln pj

+ βi0 ln

[

mh

a(p, z)

]

+
K
∑

k=1

βik

(

zh
k ln

[

mh

a(p, z)

])

+
λi0

b(p, z)

(

ln

[

mh

a(p, z)

])2

+

K
∑

k=1

λik

b(p, z)

(

zh
k

(

ln

[

mh

a(p, z)

])2
)(1.11)where also the pri
e aggregators are household�dependent. Restri
tions(1.2) must be rewritten in terms of the new parameters:15



∑I
i=1 αi0 = 1;

∑I
i=1 αik = 0 ∀k = 1, . . .K;

∑I
i=1 γij = 0;

∑I
i=1 βik = 0 ∀k = 0, . . .K;

∑I
i=1 λik = 0 ∀k = 0, . . .K

(1.12)
1.2.6 Conditioning GoodsConditioning goods are treated as demographi
s: they enter the z ve
tor.Thus testing for separability boils down to test for signi�
an
e of the relevant
αik and βik. Durables and labor market de
isions are in
luded amongst theregressors, nevertheless the fo
us is on the 
onditioning fa
tor a

ounting fornetwork e�e
ts. Re
all that so
ial intera
tions' goods w̃ih are de�ned as theaverage demand for good i in h's referen
e good. Sin
e the demand system(1.11) is expressed in terms of budget shares, de�ne `mean budget share' ofgood i for household h as

w̃h
i :=

N
∑

n=1

δh
inw

n
i (1.13)

w̃h
i is a weighted average of individual demands for good i, wn

i . The refer-en
e weights δh
in 
apture the importan
e household h atta
hes to 
onsumptionof good i by family n. Assume without loss of generality that δh

ih = 0.5Alessie and Kapteyn (1991) de�ne (1.13) as `mean per
eived budgetshare'. In their model the referen
e weights are individual parameters, asto say that heterogeneity in preferen
e interdependen
e among agents de-pend on di�eren
es in the per
eption of other households' demand. In thisterms, it 
an be interpreted as a framing problem: unobserved individual
hara
teristi
s determining referen
e weights lead households to `measure'di�erently.In this paper the assumption is that 
onsumers observe 
orre
tly otherhouseholds' expenditures, and the referen
e weights are determined by the`similarity' between agents and the `visibility' of good i:
δh
in = θiπ

h
n (1.14)Where θi measures `visibility' of 
ommodity i and Π =

[

πh
n

] is the H ×Hmatrix whose elements represent pair�wise similarities between households.5It's just a res
aling: if δh
ih 6= 0 the system 
an be written in terms of ẅh

i = (1−δh
ih)wh

i .16



In this 
ontext similarity has no dire
tion, i.e. πh
n ≡ πn

h , therefore Π issymmetri
 and with zeros on the diagonal.The motivation behind similarities is peer identi�
ation: the behavior of
onsumer n 
an have an impa
t on 
onsumer h's 
hoi
es only if they belongto the same peer. A mi
roe
onomi
 data�set with both dire
t informationabout referen
e groups and the required detail about expenditure patternswould provide a measure of peer membership, but unfortunately su
h dataare not available. Without dire
t observation, the best the resear
her 
an dois to infer the probability that two individuals belong to the same referen
egroup from available information as physi
al residen
e, family 
hara
teristi
s,ra
e, edu
ation and so on. The underling hypothesis is that similarity isa valid measure of referen
e group membership, and therefore δh
in will behigh if households h and n are likely to be in the same peer, vi
e versa itwill be low. Case (1991) sets up a model where mean demand depends onphysi
al proximity: individuals belong to the same peer if they live in thesame neighborhood. Conley (1999) provides tools to estimate models withgeneri
 e
onomi
 distan
es, possibly measured with error.The se
ond fa
tor determining referen
e weights is visibility: it's reason-able to think that 
onsumers 
are more about peer members' expenditurein 
lothing rather than in toothpaste, i.e. so
ial intera
tions e�e
t mattermore for visible goods' demand rather than for non�visible ones. There aretwo possible motivations: �rst, individuals may not be able to observe peermembers' 
onsumption of non�visible goods as gro
eries or underwear. Se
-ond, visibility may be a valuable 
hara
teristi
 of goods itself. He�etz (2004)
hara
terizes a 
lass of utility fun
tions that depend on 
onspi
uousness ofgoods: the idea is that 
onsumption has a dire
t e�e
t on individual utility,but also an indire
t so
ial e�e
t resulting from peers observing his 
hoi
e.Now plugging (1.14) into (1.13)

w̃h
i = θiw̄

h
i where w̄h

i =

N
∑

n

πh
nwn

iSo
ial intera
tions enter (1.11) as a 
onditioning fa
tor, hen
e αi0 is apolynomial in w̃h
i :

αi0 = α̃i0 +
I
∑

j=1

(α̃ijθi)w̄
h
j (1.15)Note it is impli
itly assumed that so
ial intera
tions 
hange inter
epts butnot slopes: this is the assumption that will be made for all the demographi
sand 
onditioning fa
tors. As it has been explained in the previous se
tion17



this is not inno
uous, but it has the advantage to maintain the estimationpro
edure and the interpretation of the result reasonably simple, given thatthe fo
us is on the so
ial intera
tion 
ondition fa
tor. Restri
tions (1.12) hasto be modi�ed as well:
∑I

i=1 α̃i0 = 1;
∑I

i=1 α̃ij = 0 ∀j = 1, . . . I;
∑I

i=1 αik = 0 ∀k = 1, . . .K;
∑I

i=1 γij = 0;
∑I

i=1 βik = 0 ∀k = 0, . . .K;
∑I

i=1 λik = 0 ∀k = 0, . . .K

(1.16)At this point in order to obtain the 
omplete demand system unobserv-ables uh
i are needed. Estimation will be done in a GMM framework, so noparti
ular distributional assumption a
ross goods will be done. Neverthelessunobservable fa
tors may have the same stru
tural dependen
e as demands(
orrelated e�e
t), therefore the h dimension of the error term will be mod-elled as follows:

uh
i = ρ

N
∑

n=1

πh
nun

i + ǫh (1.17)All the I equations 
onstituting the demand system to be estimated arethen obtained adding (1.17) and substituting (1.15) into (1.13):
wh

i = α̃i0 + φi1w̄
h
1 + · · ·+ φiIw̄

h
I

+

K
∑

k=1

αikz
h
k +

I
∑

j=1

γij ln pj

+ βi0 ln

[

mh

ah(p, z, w̄)

]

+
K
∑

k=1

βikz
h
k ln

[

mh

ah(p, z, w̄)

]

+
λi0

bh(p, z)

(

ln

[

mh

ah(p, z, w̄)

])2

+

K
∑

k=1

λik

bh(p, z)
zh

k

(

ln

[

mh

ah(p, z, w̄)

])2

+ uh
i

(1.18)
where φij = α̃ijθi. θi are not separately identi�able from α̃i1 for all i. Thisla
k of identi�ability will 
ompli
ate interpretation: pure so
ial intera
tion18



e�e
t, 
aptured by α̃ij may well have a di�erent sign and di�erent magnitudefrom visibility e�e
t, θi.The pri
e aggregators depend now on all the 
onditioning fa
tors:
ln ah(p, z, w̄) = α0 +

I
∑

i=1

ln pi

(

α̃i0 +

K
∑

k

αikz
h
k +

I
∑

j

φijw̄
h
j

)

+
I
∑

i=1

I
∑

j=1

γij ln pi ln pj

(1.19)
bh(p) =

I
∏

i=1

p
βi0+

∑K
k=1

βikzh
k

i (1.20)1.3 The data: Consumer Expenditure Survey(CEX) and Consumer's Pri
e Index (CPI)CEX is a detailed survey on individual expenditures. There are quarterlydata from 1980 until 2002 on approximately 600 
onsumption 
ategories.This survey is issued by the Bureau of Labor Statisti
s, that is the O�
ewhi
h publishes the CPI pri
e indexes. The long and detailed repeated 
ross�se
tions dataset under analysis is obtained merging together CPI pri
es andCEX expenditures. CEX provides also a large number of demographi
 detailsabout individuals, but as pointed out in the previous se
tion there are nodire
t questions about referen
e groups. The 
laim is that the informationis adequate to 
ompute similarities among individuals.In parti
ular, 10 years of data are 
onsidered - from 1993 until 2002 -sin
e in this period the state of residen
e identi�er is available. For non�dis
losure problems the variable STATE is suppressed for some observationsin a subset of states and it is suppressed for all the observations on some otherstates. All the observations from those states are dropped, so we are leftwith observations from Arizona, Arkansas, California, Colorado, Conne
ti-
ut, Distri
t of Columbia, Florida, Hawaii, Illinois, Missouri, New Hampshire,New Jersey, Pennsylvania, South Carolina, Utah, Virginia and Washington.The heterogeneous distribution of those states a
ross US still allows to drawpopulation�wide inferen
e (see �gure 1.1).Data are summed up at yearly level, and only households with four 
on-se
utive quarterly observations are 
onsidered. After some extra data 
lean-ing, the �nal sample 
onsists of 11,769 observations. In the appendix means19



Figure 1.1: sele
ted States are dark�blueand standard deviations are reported for a set of relevant demographi
s onthe sele
ted subsample and on the US�wide sample. Di�eren
es suggest thesample is still representative for the US population.1.4 Estimation StrategyThe estimation strategy is based on the one that Banks et al. (1997) andBlundell et al. (1993) used. However, an extension is needed in order to dealwith the re�e
tion problem. The estimation is divided into three steps:1. Π Matrix estimation: similarities are measured on the basis of a set ofgeographi
al and demographi
 individual 
hara
teristi
s.2. Equation�by�equation estimates: parameters on ea
h equation are es-timated after imposing adding�up and homogeneity restri
tions (1.16)and (1.3). Using the Generalized Spatial 2SLS (GS2SLS) pro
edure ofKelejian and Pru
ha (1998) the re�e
tion problem is taken into propera

ount. GS2SLS estimator is a GMM spatial estimator within the
lass de�ned by Conley (1999). The author proves that as long as esti-mates in step�1 are impre
ise measurements of true group membershipprobabilities, but they are not mis�measurement, step�2 estimates are20




onsistent6.3. Restri
ted system estimation: a MinimumDistan
e estimator is appliedto step�2 estimates of parameters to impose 
ross�equation restri
tions(1.4).1.4.1 Similarity Matrix estimationThe 
laim is that two individuals are likely to belong to the same peer andtherefore possibly in�uen
e ea
h others' 
hoi
es if they live 
lose, they areobserved in two not�too�distant points in time and they share some house-hold's 
hara
teristi
s. Further on, a short physi
al distan
e is 
onsidered aprerequisite for peer membership.Given these assumptions similarity between agents h and n, dh
n, follows alexi
ographi
 order and it is 
omputed as follows:1. Two individuals are assumed not to belong to the same peer if they livein di�erent States, or in the same State but in two 
ities with di�erentpopulation size, or if one is observed before 1997 and the other afterthat date. Therefore, pairs of individuals h, n with those 
hara
teristi
shave similarity dh

n equal to 0.2. Otherwise, if h and n live in the same State in two 
ities with the samepopulation�size and they are both observed either before 1997 or afterthat date, dh
n is equal to a mat
hing similarity measure 
onstru
ted asfollows:

• A set of 0/1 dummy variables is 
reated starting from the followingvariables: Family 
omposition, 5 years�wide age 
lass of householdhead, ra
e, marital status, origin (an
estry) of household head,highest edu
ational attainment, presen
e of 
hildren younger than18 in the family, gender.
• the index is equal to

dh
n =

∑ 1�1 mat
hes# of 0/1 dummiesFinally this similarity measure has no dire
tion by 
onstru
tion therefore
dh

n ≡ dn
h and as previously explained it is re�parametrized in order to have

dn
n = 0 (zeros on the diagonal).6An impre
ise measure is a measure that is 
orre
t up to a 
ertain level, as home�workpla
e traveling distan
es up to 
ity detail but not beyond. A mis�measurement is a trulyin
orre
t distan
e, as a transformation applied to true distan
es21



This pro
edure provide an estimate of similarities that is by 
onstru
-tion impre
ise: the physi
al distan
e information are quite poor if 
omparedwith other datasets used in so
ial�intera
tions empiri
al literature (eg Topa(2001)). The mat
hing similarity identi�es individuals living in two equallybig 
ities (possibly the same 
ity) in the same State. Note also that mat
hingsimilarities are 
onsidered as exogenous and given in the su

essive steps ofthe pro
edure.In order to 
he
k that these similarities didn't simply 
apture State, pop-ulation size and year e�e
ts, an OLS regression of πh
n on the full set of year,state and population dummies, plus their intera
tions is run. Results 7 showsthat intera
tions' parameters are signi�
antly di�erent from zero, suggestingthat similarities are more informative than a simple set of dummies.1.4.2 Equation�by�Equation estimationThe demand system is non�linear, but ea
h equation in (1.18) is linear 
ondi-tional on a(p, z) and b(p, z). The se
ond step uses this 
onditional linearityto estimate the model without imposing the 
ross�equation restri
tions (1.4)but allowing for within�equation ones (1.16) and (1.3). a(p, z) is approxi-mated with an household�level Stone pri
e Index. b(p, z) is set equal to 1.As already explained this 
hoi
e redu
es the rank of the demand system to2 a

ording to Lewbell's de�nition.Two endogeneity issues have to be addressed: �rst, total expenditure

ln mh and (ln mh)2 are endogenous along the i dimension, i.e. they are en-dogenous due to the 
ontemporaneous allo
ation of total expenditure to dif-ferent goods by ea
h household. Se
ond, in ea
h equation des
ribing thebudget share of good i, mean budget share w̄h
i is endogenous along the hdimension, meaning it's endogenous due to the 
ontemporaneous 
hoi
e ofthe H households of ea
h good. These issues 
an be solved using a properInstrumental Variables' pro
edure: endogeneity of total expenditure 
an betreated with standard 2SLS, the Generalized Spatial 2SLS (GS2SLS) pro-posed by Kelejian and Pru
ha (1998) is needed to a

ount for endogeneityof mean budget shares. The resulting pro
edure requires that ln mh and

(ln mh)2 are regressed on the exogenous variables and their predi
ted valuesare used as instruments. Earning from labor, whi
h may be 
onsidered a nat-ural instrument, is not used sin
e it is potentially endogenous: labor for
eparti
ipation de
ision (as employment's se
tor) is used as a 
onditioning fa
-tor and results are 
oherent with Browning and Meghir (1991) thus reje
tingseparability. We will see that ln mh will be instrumented with fun
tions of7whi
h are not reported but are available upon request22



the family size. Then GS2SLS is applied instead of the standard two steppro
edure to a

ount for endogeneity of w̄h
i . GS2SLS is itself an iterative pro-
edure. To see the basi
 steps and to underline the fa
t that endogeneity isalong the h dimension, rewrite demand for good i (1.18) in matrix notation:

wh
i = Xhβ + φiΠwh

i + uh
i

uh
i = ρΠuh + ǫh

i

(1.21)This is written as a spatial autoregressive model, where wh is the H × 1ve
tor of observation on expenditure share on good i; Xh is the H × K∗matrix that 
ontains observations on the exogenous variables in Zh, total ex-penditure and squared total expenditure, pri
es, w̄h
j , ∀j 6= i8. Π is treated asa H×H matrix of known 
onstants, ρ and φi are s
alar spatial autoregressiveparameters.Now rewriting model (1.21) as9

wi = Dη + ui

ui = ρΠui + ǫi
(1.22)where D = (X, Πwi), η = (β′, φi)

′, ǫ ∼ IID(0, σ2). The model 
anfurthermore be transformed into
w∗

i (ρ) = D∗(ρ)η + ǫi (1.23)where w∗
i (ρ) = wi−φiΠwi, D∗(ρ) = D−ρΠD. The estimation pro
edureis based on three steps:

• 
ompute a 2SLS estimator for η in (1.22), η̂, using instruments for Πwi
hosen within the matrix (ΠX, ΠΠX), in parti
ularΠSex, Πage, ΠFamsize,and instruments for ln mh and (ln mh)2. Total expenditure is instru-mented with the log of family size and its se
ond power;
• use η̂ to estimate ρ̂ and σ̂2 with GMM10
• use ρ̂ and σ̂2 to 
ompute ηKP , a feasible 2SLS of η in (1.23) andits varian
e�
ovarian
e matrix V̂ (ηKP ). With a bit of algebra, theKelejian and Pru
ha (1998) feasible 2SLS estimator 
an be rewritten asa standard 2SLS pro
edure over a set of transformed variables following(1.23):8All the mean budget shares w̄h

j ∀j 6= i are 
onsidered as exogenous in ith budget shareequation. Therefore the set of variables in Xh 
hanges for ea
h equation. The overallset of regressors doesn't 
hange preserving adding up, sin
e in the ith equation w̄h
i isinstrumented.9indexes h are omitted10details on moment 
onditions are in Kelejian and Pru
ha (1998)23



Table 1.1: Zero o

uren
iesfreq. %ALH 5,317 45.18ALO 5,282 44.88FDH 4 0.03FDO 597 5.07CLO 791 6.72UND 2,135 18.14GAS 788 6.70OTH 2 0.021. Pre�multiply ea
h element of the �rst equation in (1.21) by (I −
ρ̂Π)2. Run the usual 2SLS pro
edure on the transformed variables. Then,
(I − ρ̂Π)Πwi, (I − ρ̂Π) lnm will be instrumented as in the �rststep.As already noted Conley (1999) proves that if Π is an impre
ise but nonmis�measured matrix of similarities GS2SLS lead to 
onsistent estimates.Note also that thinking to (1.21) in terms of spatial stru
ture deliver usthe general properties of the model at hand: Anselin (1988) proves thatwhile negle
ting the presen
e of Πuh in (1.21) lead to an e�
ien
y loss,not 
onsidering so
ial intera
tions, i.e. the presen
e of Πwi, would implyin
onsisten
y of the estimates.The system is estimated for 8 
onsumption 
ategories: Al
ohol at home(ALH), Al
ohol out (ALO), Food at Home (FDH), Food out (FDO), Cloth-ing ex
luding underwear (CLO), Underwear (UND), Motor Fuel (GAS), othernon durables (OTH). Some of those 
onsumption 
ategories have a relevantpresen
e of zero expenditures among the 11,769 observations (see Table 1.1).Given the type of aggregates 
hosen, these zero o

urren
es are likelyto 
orrespond to pur
hase infrequen
y11. As pointed out by Blundell et al.(1993) it means that there is a 
on
eptual di�eren
e between 
onsumptionand expenditure: the latter is not simply the empiri
ally measured 
ounter-part of the former. This di�eren
e a�e
ts both the dependent variables in the11There may be undete
ted data quality problems: the under garments �gure seemsunreasonable given that data are year�level aggregates.24



demand system and total 
onsumption, arising a potential measurement er-ror problem due to omitted variables. Nevertheless the estimation pro
edureremoves the issue: budget shares are all treated as endogenous and thereforetotal expenditure is instrumented.1.4.3 Estimation resultsBut for gasoline and other goods, the other 
onsumption aggregates are 
ho-sen to 
he
k whether so
ial intera
tions have di�erent marginal e�e
ts ongoods with a di�erent visibility. Al
ohol demand is maintained despite theparti
ularly high zero o

urren
es be
ause of its relevan
e from a tax poli
ypoint of view. OTH is omitted from the estimation to satisfy adding�up.Pri
es are monthly US�wide pri
e indexes series for ea
h 
ategory (OTHpri
e is the overall pri
e index) referring to the last month of ea
h yearly ob-servation. Base year is 2000. All indexes are then divided by OTH pri
e toimpose homogeneity. Be
ause of two�stage budgeting hypothesis o

upationis not instrumented: job�market parti
ipation is 
onsidered non�separablefrom overall 
onsumption in the �rst stage, but when households have to de-
ide about 
onsumption allo
ation the job�market de
ision is already taken,and therefore it's predetermined with respe
t to budget shares' allo
ation.The same reasoning goes through for durables. Table 1.2 reports estimatesobtained after the �rst step of the Kelejian and Pru
ha (1998) GS2SLS pro
e-dure for the own mean budget shares parameters for the �rst six 
onsumption
ategories.Estimated parameters are generally signi�
antly di�erent from 0, andthey varies signi�
antly a
ross di�erent types of goods and between visibleand non�visible goods of the same type. Magnitude of parameters are rel-atively high 
ompared to other demographi
s and 
onditioning fa
tors (seefull estimation results in the appendix). The main result of this paper isthe signi�
an
e of 5 out of 7 parameters reported in the previous table: so-
ial intera
tion and visibility together do matter in 
onsumption 
hoi
es.
t-statisti
s in the table 
an be interpreted as tests of the null of separabilityof the so
ial intera
tions 
onditioning fa
tor and 
onsumption goods' allo
a-tion: separability is reje
ted in �ve equations out of seven.Parameters do not provide only a separability tests, they have an e
o-nomi
 meaning per se: visibility itself seems to be relevant: estimates aredi�erent within pairs ALH/ALO, FDH/FDO, CLO/UND12. Clothing is pos-itive and signi�
ant while underwear is not, Food Out has a parameter six12Pairs of 
onsumption 
ategories are similar but for visibility, but it 
annot be testedwhether di�eren
es in φ are due only to visibility.25



Table 1.2: So
ial intera
tions parameters' estimatesVisible goods Non visible goodsFDO φFDO 0.0678 FDH φFDH 0.0147FDO std.err 0.019 FDH std.err 0.038FDO t�stat 3.52 FDH t�stat 3.83CLO φCLO 0.0667 UND φUND 0.0150CLO std.err 0.026 UND std.err 0.030CLO t�stat 2.52 UND t�stat 0.49ALO φALO 0.0496 ALH φALH -0.0638ALO std.err 0.042 ALH std.err 0.024ALO t�stat 1.18 ALH t�stat -2.67GAS φGAS -0.0677GAS std.err 0.030GAS t�stat -2.25times the Food at Home one, intuitively a less visible 
ategory. In these
ases 
ommon�sense is supported by previous results by He�etz (2004), whoranked the same aggregates in terms of visibility. Al
ohol at Home is sig-ni�
ant and negative while Al
ohol Out is not. He�etz (2004) ranks ALHas more visible than ALO. Anyway, the model spe
i�es so
ial intera
tionsas a 
onditioning fa
tor, thus the la
k of a full preferen
es' 
hara
terizationdo not allow to interpretation result beyond what is suggested by 
ommonsense. The same reasoning goes through for the negative sign of the gasolineparameter.The e�e
t of other demographi
s is in general the expe
ted one, and asBrowning and Meghir (1991) we reje
t separability of labor supply de
ision:tests F on the joint signi�
an
e of o

upation dummies reje
t separability.Turning the attention to in
ome elastities (table 1.3), as expe
ted al
oholis an inferior good while 
lothing and food are normal good. Gasoline's neg-ative sign is 
outerintuitive. This result together with the one on gasoline'sso
ial intera
tion parameter may signal data problem on fuel expenditures.Pri
e parameters, and therefore un
ompensated pri
e elasti
ies are almostnever signi�
ant. Year dummies are in
lueded in the regression, thus takinginto a

ount exogenous sho
ks a�e
ting overall pri
e level. Pri
e elasti
itesshould take into a

ount di�eren
es a
ross pri
e series, whi
h turn out to bequite low in the data. This is due to the fa
t that in order to have pri
eindexes 
oherent with the 
onsumption 
ategories aggregation, it was pos-sible to use only US�wide pri
e indexes, thus redu
ing heterogeneity a
ross26



Table 1.3: In
ome elasti
itiesVariable Coe�
ient (Std. Err.)ALH -8.988 5.650ALO -8.893† 5.315FDO 1.922 2.096FDH 4.598∗ 1.364CLO 13.658∗ 2.814UND 14.610∗ 5.609GAS -18.744∗ 5.941Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%
Table 1.4: Compensated pri
e elasti
itiesequations pri
esALH ALO FDO FDH CLO UND GASALH -18.759 -31.759 -18.952 -71.610 7.825 11.741 -49.719(6.61) (4.279) (5.784) (3.622) (3.262) (2.464) (1.539)ALO -21.173 37.044 -113.304 45.476 -27.622 10.125 70.445(4.69) (6.966) (6.585) (3.853) (3.342) (2.818) (1.776)FDO 4.414 0.840 0.180 -14.030 11.284 0.875 -6.840(2.54) (2.884) (4.495) (2.499) (2.275) (1.676) (0.992)FDH 0.092 1.132 0.062 0.642 0.339 -0.009 -0.402(1.626) (1.935) (2.62) (2.115) (1.57) (1.057) (0.709)CLO 0.680 1.543 -8.462 8.405 -6.760 0.076 14.767(2.402) (2.849) (3.939) (2.431) (3.621) (1.696) (1.06)UND -2.509 6.628 -1.531 -55.576 15.583 0.119 -12.964(2.704) (3.582) (4.821) (2.807) (2.98) (5.92) (1.419)GAS 0.117 0.514 -0.200 -1.048 0.383 0.119 -0.250(2.523) (3.51) (4.716) (2.812) (3.005) (1.894) (6.126)std.deviations in parenthesis
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Table 1.5: ρ estimatesCLO 0.0108 UND 0.0323FDO -0.005 FDH 0.0289ALO 0.0277 ALH 0.0113GAS 0.0266pri
es. Compensated pri
e elasti
ites (Table 1.4) are generally signi�
ant.Con
entrating �rst on food and apparel equations, substitutability and 
om-plementarity are the expe
ted ones: food and al
ohol are 
omplements, foodat home and food out are substitutes (though the 
ross elasti
ity is positivebut not signi�
ant on the Food Out equation), 
lothing and underwear are
omplements. Food, underwear and fuel own pri
e elasti
ites are not signif-i
antly di�erent from zero, whi
h is not suprising sin
e they are ne
essarygoods. Clothing has a negative and signi�
ant own pri
e elasti
ity, whi
hagain is in line with the theory. Al
ohol equations' elasti
ities seem unrea-sonably high: this is likely to be driven by pur
hase infrequen
y (see Table1.1).The whole dis
ussion on estimation results until now was based on �rststep results. This is 
orre
t sin
e they are 
onsistent, but if residuals are
orre
tly modelled in (1.22), they are not e�
ient. The magnitude of ρ'sestimates, the spatial autoregressive parameters on unobservables, suggeststhat residuals stru
ture 
hanges with the type of good (see table 1.5).Some of the estimates of so
ial intera
tions parameters as well as de-mographi
s marginal e�e
ts 
hange sign and magnitude moving to the 2SLSestimates on the transformed variables. Their signi�
an
e as well as for otherestimates in ea
h equation is redu
ed. Given that the sample size is reason-ably high, this eviden
e is unlikely to be driven by a better small samplebehavior of the e�
ient estimates. We impli
itly assumed in (1.22) that theweights matrix of the spatial autoregressive term and the one of u were thesame, but this need not to be true: unobserved 
hara
teristi
s may dependon peers' us in a di�erent way from expenditure shares. If this is true, Π onthe se
ond equation of (1.22) should be substituted with a di�erent weightingmatrix. While on expenditure shares e
onomi
s gives a guidan
e to build theweights matrix, there's no way to know the exa
t stru
ture of the weightsmatrix on unobservables. Anselin (1988) points out that a wrong 
hoi
e ofsu
h a matrix would lead to in
onsistent results. Thus, it is reasonable tolimit the interpretation of the results to the �rst stage 2SLS regressions, thateven if ine�
ient are 
onsistent. 28



Table 1.6: Over�identifying restri
tions' validityequationsALH ALO FDO FDH CLO UND GASJ�statisti
 0.644 47.906 13.396 3.196 1.243 1.597 1.296
χ2

(2) p�value 0.7248 < 10−4 0.0012 0.2023 0.5372 0.4499 0.5230Table 1.7: Hausman testequationsALH ALO FDO FDH CLO UND GASF�statisti
 6.77 7.58 2.81 11.61 11.09 10.35 106.29
F(3,11707) 0.0001 < 10−4 0.0379 < 10−4 < 10−4 < 10−4 < 10−4p�value regression�based Hausman test1.4.4 IV diagnosti
sThe usual diagnosti
s for IV estimation applies. Tests for the validity ofover�identifying restri
tions is 
arried on using the Hansen J�statisti
.Instruments are valid in �ve equations out of seven, both on �rst and thirdstep estimated equations (table 1.6 reports tests on �rst step estimates). Fur-ther on, instruments are in general relevant: they are signi�
antly di�erentfrom zero in the �rst stage regressions, instruments 
hosen for total expen-diture are signi�
ant in ln mh and (ln mh)2 equations while they are not onthe mean budget share's one. Vi
e versa for instruments 
hosen for Πwi

13.The proposed pro
edure is robust to two potential biases: endogeneityof total expenditure and of so
ial intera
tions. Standard Hausman tests 
anbe applied: the null of exogeneity of the instrumented variables is alwaysreje
ted (see table 1.7 for �rst stage results).1.4.5 Minimum Distan
e estimationThe �nal step 
onsists in applying a minimum distan
e estimator to η̂ ob-tained by the equation by equation estimation. The 
ross�equation restri
-tions (Slutsky matrix symmetry) 
an be expressed as13�rst stage regressions are not reported 29



η − Sθ = 0 (1.24)Where η is an r × 1 dimensional ve
tor while θ is q × 1, with r > q.Symmetry restri
tions are all linear. As in GMM estimation, to imposethose restri
tions OMD 
hooses θOMD as to minimize
Q(θ) = [η̂ − Sθ]′V̂ (η̂)−1[η̂ − Sθ] (1.25)The three steps pro
edure has an impli
it assumption on the parameters'spa
e at the equation�by�equation estimation step: parameters on di�erentequations are assumed to be un
orrelated, therefore V (η̂) is blo
k�diagonal.Cross�equation restri
tions refer only to pri
es' parameters γij , this impliesthat but for γ̂ij equation�by�equation estimates and their standard errorsare the �nal estimates. Therefore, 
onsidering only the seven 
onsumption
ategories (remember OTH is omitted for adding�up), r = 49 while q = 28,the number of unique elements of a 7 × 7 symmetri
 matrix. Further on,

γij do not depend on w̃h
i , therefore also the marginal e�e
ts on mean budgetshares are un
hanged after OMD estimation.The minimized value of the obje
tive fun
tion, Q(θOMD) is asymptoti-
ally distributed as a 
entral χ2 with r − q degrees of freedom. This pro-vides a test for Slutsky symmetry14. The test a

epts Slutsky symmetry(Q(θOMD) = 18.7105, p�value=0.6037). Given the linearity of (1.24) theestimate of Covarian
e matrix of OMD is:
V̂ (θOMD) = H

(

S ′V̂ (η̂)−1S
)−1 (1.26)Where H = 11769 is the sample size. As for the unrestri
ted estimates,most of θ̂ij are non�signi�
ant, and this drives the Slutsky symmetry test.Complete restri
ted estimates of pri
es' parameters matrix Γ = [γij] arereported in the appendix.1.5 Con
lusionsThe aim of this paper was to assess whether 
onsumption 
hoi
es dependon so
ial intera
tions. To do so So
ial Intera
tions were introdu
ed in aQuadrati
 Almost Ideal Demand System as a 
onditioning fa
tor. The nov-elty of the paper is in the estimation pro
edure: so
ial intera
tions are 
ap-tured with mean budget shares, that depend on probability of peer member-ship and visibility of ea
h good. Peer membership identi�
ation is a major14Proof of asymptoti
 properties of OMD estimators 
an be found in Cameron andPravin K. Trivedi (2005) and in Ferguson (1958)30



e
onometri
 issue on
e estimation is not performed with natural experimentor ad�ho
 data sets. In this paper it is a
hieved 
onstru
ting a similarityindex, whi
h measures the probability of belonging to the same peer for ea
h
ouple of observations. This formulation allows to re�write ea
h budget shareequation as a Spatial Autoregressive model in order to adapt tools taken fromthe Spatial E
onometri
s literature: the endogeneity of mean budget sharesthat arises from the re�e
tion problem is ta
kled using a Generalized Spatial2SLS pro
edure.Results support the initial hypothesis that so
ial intera
tions are relevantin 
onsumption allo
ation. Further on, they suggest a non�trivial role forvisibility of di�erent goods.Future resear
h should address two open issues whi
h limit interpretationof estimation results: �rst, in this linear�in�means model pure so
ial inter-a
tion and visibility are not separately identi�able. Se
ond, in the literaturethere isn't a model that provides a stru
tural 
hara
terization of preferen
edependen
e on so
ial intera
tions and visibility. Another related �eld is theempiri
al investigation of an intertemporal 
onsumption model with so
ialintera
tions.AppendixA Codebook and Des
riptive Statisti
sVar name Variables des
riptionALH al
oholi
 beverages for home useALO al
oholi
 beverages at restaurants, bars, 
afeterias, 
afes, et
FDO dining out at restaurants, drive-thrus, et
, ex
l. al
ohol; in
l. food at s
hoolFDH food and nonal
oholi
 beverages at gro
ery, spe
ialty and 
onvenien
e storesCLO 
lothing and shoes, not in
luding underwear, undergarments, and nightwearUND underwear, undergarments, nightwear and sleeping garmentsGAS gasoline and diesel fuel for motor vehi
lesOTH Other non durables expensesCAR the pur
hase of new and used motor vehi
les su
h as 
ars, tru
ks, and vansJWL jewelry and wat
hesHSE rent, or mortgage, or pur
hase, of their housing;home furnishings and household items;homeowners insuran
e, �re insuran
e, and property insuran
eTOTEXP total expenditurep ALH Al
oholi
 beverages at home pri
e indexp ALO Al
oholi
 beverages away from home pri
e indexp FDO Food away from home pri
e indexp FDH Food at home pri
e indexp CLO Apparel pri
e indexp UND Women's apparel (underwear pri
es are not available 1993-1996) pri
e indexp GAS Motor fuel pri
e indexp OTH All items pri
e index
31



Var name Variables des
riptionh ALH log pri
e ALH-log pri
e OTHh ALO log pri
e ALO-log pri
e OTHh FDO log pri
e FDO-log pri
e OTHh FDH log pri
e FDH-log pri
e OTHh CLO log pri
e CLO-log pri
e OTHh UND log pri
e UND-log pri
e OTHh GAS log pri
e GAS-log pri
e OTHstone ∑

{X=ALH,ALO,F DO,F DH,CLO,UND,GAS}X ln(X)IYEAR 1994 year dummyIYEAR 1995 year dummyIYEAR 1996 year dummyIYEAR 1997 year dummyIYEAR 1998 year dummyIYEAR 1999 year dummyIYEAR 2000 year dummyIYEAR 2001 year dummyIYEAR 2002 year dummyIQTR 2 quarter 2 dummyIQTR 3 quarter 3 dummyIQTR 4 quarter 4 dummyIREGION 2 North Central dummyIREGION 3 South dummyIREGION 4 West dummyIOCCUP1 2 Te
hni
al, sales, and administrative support o

upations dummyIOCCUP1 3 Servi
e o

upations dummyIOCCUP1 4 Farming, forestry, and �shing o

upations dummyIOCCUP1 5 Pre
ision produ
tion, 
raft, and repair o

upations dummyIOCCUP1 6 Operators, fabri
ators, and laborers dummyIOCCUP1 7 Armed for
es dummyIOCCUP1 8 Self-employed dummyIOCCUP1 9 Not working dummyIOCCUP1 10 Retired dummySEX REF Sex of referen
e personAGE REF age of referen
e personYR EDREF year of edu
ation referen
e personIMARITAL1 2 Widowed dummyIMARITAL1 3 Divor
ed dummyIMARITAL1 4 Separated dummyIMARITAL1 5 Never married dummyPERSLT18 "Number of 
hildren less than 18 "PERSOT64 Number of persons over 64 in CUIREF RACE 2 Bla
kIREF RACE 3 Ameri
an Indian, Aleut, EskimoIREF RACE 4 Asian or Pa
i�
 Islanderm ALH mean budget share of ALHm ALO mean budget share of ALOm FDO mean budget share of FDOm FDH mean budget share of FDHm CLO mean budget share of CLOm UND mean budget share of UNDm GAS mean budget share of GASm OTH mean budget share of OTHlnx log TOTEXP − stonelnx2 (log TOTEXP − stone)2

32



Estimation Subsample US�wide samplemean sd min max mean sdALH 169.4168 323.9644 0 9689 156.0034 305.6665ALO 148.1916 349.6133 0 8596 137.3304 328.3154FDO 1496.894 1924.96 0 54991 1410.301 1766.066FDH 3946.552 2184.401 0 22452 3787.429 2100.249CLO 810.556 1061.452 0 33948 801.5828 1021.236UND 138.5562 199.0201 0 2964 137.63 196.3205GAS 1176.581 933.4128 0 9270 1172.394 925.0178OTH 2.57E+07 3.96E+07 0 1.06E+09 11044.81 8904.229CAR 3223.62 7905.023 0 95580 3278.012 8008.563JWL 168.4439 1900.58 0 210000 148.0257 1271.566HSE 5398478 1.31E+07 0 5.07E+08 3728.37 4086.647TOTEXP 28370.56 20634.27 707.9996 743532.3 27190.09 19419.9p ALH 99.06309 4.604702 90.89744 105.641p ALO 98.36219 7.944797 82.3299 110.7195p FDO 98.52624 6.234391 86.00479 107.7153p FDH 98.59102 5.979608 84.1852 106.0734p CLO 102.4084 3.366371 93.61198 107.571p UND 105.9989 5.466155 92.67873 118.8631p GAS 98.71063 13.41501 74.24512 130.373p OTH 99.134 6.049358 85.95972 107.4052h ALH 0.0000973 0.0168857 -0.0223212 0.0579662h ALO -0.0092608 0.0216242 -0.0502381 0.0312734h FDO -0.0062909 0.0066385 -0.021008 0.0055633h FDH -0.0054863 0.008038 -0.0208597 0.0149212h CLO 0.0338519 0.0876056 -0.1308093 0.2179918h UND 0.0675184 0.10364 -0.1408286 0.3083668h GAS -0.0115424 0.1079955 -0.2719941 0.2138472stone 2.497275 0.7220481 0.0668289 4.423194IYEAR 1994 0.0697169 0.2546783 0 1 0.0757231 0.2645582IYEAR 1995 0.0647422 0.2460789 0 1 0.0719397 0.2583916IYEAR 1996 0.032301 0.1768045 0 1 0.033804 0.1807268IYEAR 1997 0.1103559 0.3133439 0 1 0.1111995 0.3143833IYEAR 1998 0.109375 0.3121201 0 1 0.1131186 0.316742IYEAR 1999 0.1144899 0.3184165 0 1 0.117231 0.3216997IYEAR 2000 0.1625561 0.3689731 0 1 0.1545716 0.3615008IYEAR 2001 0.1566704 0.3635025 0 1 0.1515284 0.3585681IYEAR 2002 0.1619254 0.3683953 0 1 0.1525977 0.3596042IQTR 2 0.2383688 0.4261008 0 1 0.2442221 0.4296309IQTR 3 0.2378083 0.425756 0 1 0.2391501 0.4265704IQTR 4 0.2698991 0.4439227 0 1 0.2744071 0.4462212IREGION 2 0.1617152 0.3682023 0 1 0.2673338 0.4425741IREGION 3 0.2397001 0.4269154 0 1 0.33878 0.4733014IREGION 4 0.3462024 0.4757753 0 1 0.1927622 0.3944733IOCCUP1 2 0.1403447 0.3473565 0 1 0.1390267 0.3459792IOCCUP1 3 0.1122478 0.3156821 0 1 0.1133105 0.3169763IOCCUP1 4 0.0073571 0.0854602 0 1 0.00817 0.0900192IOCCUP1 5 0.0519198 0.221873 0 1 0.0533242 0.2246822IOCCUP1 6 0.0818386 0.2741282 0 1 0.0947498 0.2928731IOCCUP1 7 0.0044142 0.0662952 0 1 0.0032625 0.0570259IOCCUP1 8 0.0349636 0.183694 0 1 0.0395065 0.1947994IOCCUP1 9 0.0985846 0.298114 0 1 0.1012474 0.3016602IOCCUP1 10 0.2282791 0.4197382 0 1 0.2136258 0.4098712SEX REF 1.430143 0.4951133 1 2 1.432433 0.4954205AGE REF 51.36848 17.06942 17 94 50.8984 16.92091YR EDREF 13.82112 2.813901 0 18 13.70314 2.809938
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Estimation Subsample US�wide samplemean sd min max mean sdIMARITAL1 2 0.1219871 0.3272824 0 1 0.1206032 0.32567IMARITAL1 3 0.1340387 0.3407058 0 1 0.1321727 0.3386831IMARITAL1 4 0.0298487 0.1701756 0 1 0.0279644 0.164873IMARITAL1 5 0.1387332 0.34568 0 1 0.1363674 0.343183PERSLT18 0.7101317 1.131586 0 10 0.7067032 1.108377PERSOT64 0.3805353 0.6572266 0 4 0.3587389 0.6448471IREF RACE 2 0.1053111 0.3069646 0 1 0.115257 0.3193362IREF RACE 3 0.0058156 0.0760406 0 1 0.007512 0.0863468IREF RACE 4 0.0557035 0.2293562 0 1 0.0325977 0.1775836m ALH 0.1526445 0.1480501 0.0002917 0.6559903m ALO 0.118248 0.1004168 0.000288 0.4505704m FDO 1.222685 1.146591 0.0045779 5.28772m FDH 3.911378 3.657658 0.0235374 16.5382m CLO 0.6206222 0.5814182 0.0016867 2.735063m UND 0.1158841 0.1091201 0.0003363 0.5074397m GAS 1.085815 1.054143 0.0055939 4.869476m OTH 9.659403 8.539694 0.0612457 39.68477lnx 7.558408 0.9215498 3.685857 11.09327lnx2 57.97873 14.35368 13.58554 123.0606Equation�by�equation estimation results: �rst stage GS2SLSpro
edureEstimation results after the �rst GS2SLS stage: estimates are 
onsistent butnot 
orre
ted by spatial stru
ture on the error termTable 1.8: ALH equation, �rst stepVariable Coe�
ient (Std. Err.)m_ALH -0.064∗∗ (0.024)lnx -0.063∗∗ (0.024)lnx2 0.004∗∗ (0.002)m_ALO 0.054∗∗ (0.015)m_FDO 0.004† (0.002)m_FDH 0.003∗∗ (0.001)m_CLO 0.001 (0.003)m_UND -0.044∗∗ (0.012)m_GAS -0.003∗ (0.001)m_OTH 0.000 (0.000)h_ALH -0.048 (0.034)h_ALO -0.043 (0.045)h_FDO 0.099 (0.084)h_FDH 0.020 (0.036)h_CLO 0.006 (0.024)h_UND -0.002 (0.014)h_GAS 0.003 (0.004)_IYEAR_1994 0.001 (0.001)_IYEAR_1995 0.000 (0.002)_IYEAR_1996 0.000 (0.002)_IYEAR_1997 0.001 (0.002)_IYEAR_1998 0.001 (0.003)_IYEAR_1999 0.000 (0.003)_IYEAR_2000 0.001 (0.003)_IYEAR_2001 0.001 (0.004)_IYEAR_2002 0.001 (0.004)Continued on next page...34



... table 1.8 
ontinuedVariable Coe�
ient (Std. Err.)_IQTR_2 0.000 (0.001)_IQTR_3 0.000 (0.000)_IQTR_4 0.000 (0.001)POPSIZE 0.000† (0.000)_IREGION_2 -0.002∗∗ (0.000)_IREGION_3 0.002∗∗ (0.001)_IREGION_4 0.002∗∗ (0.000)_IOCCUP1_2 0.001† (0.000)_IOCCUP1_3 0.001† (0.000)_IOCCUP1_4 0.003∗ (0.002)_IOCCUP1_5 0.002∗∗ (0.001)_IOCCUP1_6 0.001∗ (0.001)_IOCCUP1_7 -0.003∗∗ (0.001)_IOCCUP1_8 -0.001 (0.001)_IOCCUP1_9 0.000 (0.000)_IOCCUP1_10 0.001 (0.000)SEX_REF -0.002∗∗ (0.000)AGE_REF 0.000∗∗ (0.000)YR_EDREF 0.000† (0.000)_IMARITAL1_2 0.000 (0.001)_IMARITAL1_3 0.002∗∗ (0.001)_IMARITAL1_4 0.001 (0.001)_IMARITAL1_5 0.001∗ (0.001)_IREF_RACE_2 0.000 (0.000)_IREF_RACE_3 0.000 (0.002)_IREF_RACE_4 -0.004∗∗ (0.001)PERSLT18 -0.001∗∗ (0.000)PERSOT64 0.000 (0.000)NFEM -0.001∗∗ (0.000)CAR -0.048∗∗ (0.013)JWL -0.036∗ (0.015)HSE -0.021∗∗ (0.005)Inter
ept 0.245∗∗ (0.087)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.9: ALO equation, �rst stepVariable Coe�
ient (Std. Err.)m_ALO 0.050 (0.042)lnx -0.029 (0.019)lnx2 0.002 (0.001)m_ALH -0.015 (0.019)m_FDO 0.003 (0.003)m_FDH 0.001† (0.001)m_CLO 0.001 (0.003)m_UND -0.016 (0.011)m_GAS -0.003 (0.003)m_OTH -0.001∗ (0.000)h_ALH -0.077 (0.050)h_ALO 0.084† (0.044)h_FDO 0.014 (0.089)h_FDH 0.083∗ (0.034)h_CLO 0.017 (0.024)h_UND 0.015 (0.014)h_GAS 0.010∗ (0.004)Continued on next page...35



... table 1.9 
ontinuedVariable Coe�
ient (Std. Err.)_IYEAR_1994 0.000 (0.001)_IYEAR_1995 -0.001 (0.002)_IYEAR_1996 -0.001 (0.002)_IYEAR_1997 -0.001 (0.002)_IYEAR_1998 -0.001 (0.003)_IYEAR_1999 -0.002 (0.003)_IYEAR_2000 -0.001 (0.003)_IYEAR_2001 -0.001 (0.004)_IYEAR_2002 0.000 (0.004)_IQTR_2 -0.001∗ (0.001)_IQTR_3 0.000 (0.000)_IQTR_4 -0.002∗∗ (0.001)POPSIZE -0.001∗ (0.000)_IREGION_2 -0.001† (0.001)_IREGION_3 0.000 (0.000)_IREGION_4 0.000 (0.000)_IOCCUP1_2 -0.001 (0.000)_IOCCUP1_3 -0.001 (0.000)_IOCCUP1_4 -0.002∗∗ (0.001)_IOCCUP1_5 0.000 (0.001)_IOCCUP1_6 -0.001 (0.001)_IOCCUP1_7 -0.001 (0.001)_IOCCUP1_8 -0.001∗∗ (0.000)_IOCCUP1_9 -0.002∗∗ (0.000)_IOCCUP1_10 -0.001† (0.000)SEX_REF -0.002∗∗ (0.000)AGE_REF 0.000∗∗ (0.000)YR_EDREF 0.000∗∗ (0.000)_IMARITAL1_2 0.000 (0.000)_IMARITAL1_3 0.002∗∗ (0.000)_IMARITAL1_4 0.001 (0.001)_IMARITAL1_5 0.003∗∗ (0.001)_IREF_RACE_2 -0.003∗∗ (0.001)_IREF_RACE_3 -0.002∗ (0.001)_IREF_RACE_4 -0.002∗∗ (0.000)PERSLT18 -0.001∗∗ (0.000)PERSOT64 0.000 (0.000)NFEM -0.001∗∗ (0.000)CAR -0.008 (0.010)JWL 0.009 (0.010)HSE -0.003 (0.004)Inter
ept 0.132† (0.071)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.10: FDO equation, �rst stepVariable Coe�
ient (Std. Err.)m_FDO 0.068∗∗ (0.019)lnx 0.017 (0.064)lnx2 -0.002 (0.004)m_ALH 0.005 (0.026)m_ALO -0.032 (0.034)m_FDH 0.002 (0.002)m_CLO -0.015† (0.009)m_UND 0.060 (0.037)Continued on next page...36



... table 1.10 
ontinuedVariable Coe�
ient (Std. Err.)m_GAS -0.020∗∗ (0.008)m_OTH -0.007∗∗ (0.002)h_ALH -0.102 (0.116)h_ALO -0.180 (0.137)h_FDO 0.254 (0.253)h_FDH -0.081 (0.109)h_CLO -0.019 (0.078)h_UND -0.003 (0.047)h_GAS 0.006 (0.012)_IYEAR_1994 0.004 (0.004)_IYEAR_1995 0.000 (0.006)_IYEAR_1996 0.004 (0.008)_IYEAR_1997 0.004 (0.008)_IYEAR_1998 0.005 (0.009)_IYEAR_1999 0.005 (0.009)_IYEAR_2000 0.003 (0.010)_IYEAR_2001 0.004 (0.012)_IYEAR_2002 0.003 (0.012)_IQTR_2 0.000 (0.002)_IQTR_3 -0.002 (0.001)_IQTR_4 -0.001 (0.002)POPSIZE -0.001† (0.000)_IREGION_2 0.001 (0.002)_IREGION_3 0.002 (0.001)_IREGION_4 0.000 (0.001)_IOCCUP1_2 -0.002 (0.001)_IOCCUP1_3 -0.008∗∗ (0.001)_IOCCUP1_4 -0.010∗ (0.004)_IOCCUP1_5 -0.004∗ (0.002)_IOCCUP1_6 -0.005∗∗ (0.002)_IOCCUP1_7 0.000 (0.006)_IOCCUP1_8 -0.005∗ (0.002)_IOCCUP1_9 -0.013∗∗ (0.001)_IOCCUP1_10 -0.007∗∗ (0.002)SEX_REF -0.008∗∗ (0.001)AGE_REF 0.000∗ (0.000)YR_EDREF 0.002∗∗ (0.000)_IMARITAL1_2 -0.005∗∗ (0.002)_IMARITAL1_3 0.000 (0.001)_IMARITAL1_4 -0.001 (0.002)_IMARITAL1_5 0.002 (0.002)_IREF_RACE_2 -0.011∗∗ (0.001)_IREF_RACE_3 -0.015∗∗ (0.004)_IREF_RACE_4 -0.001 (0.003)PERSLT18 -0.003∗∗ (0.000)PERSOT64 -0.004∗∗ (0.001)NFEM -0.001∗∗ (0.001)CAR -0.016 (0.035)JWL 0.193∗∗ (0.041)HSE -0.045∗∗ (0.012)Inter
ept 0.034 (0.233)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%
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Table 1.11: FDH equation, �rst stepVariable Coe�
ient (Std. Err.)m_FDH 0.015∗∗ (0.004)lnx 0.346∗∗ (0.125)lnx2 -0.021∗ (0.009)m_ALH 0.115∗ (0.046)m_ALO -0.064 (0.047)m_FDO -0.050∗∗ (0.011)m_CLO -0.025† (0.015)m_UND -0.064 (0.067)m_GAS 0.023∗ (0.010)m_OTH -0.001 (0.002)h_ALH -0.197 (0.206)h_ALO 0.085 (0.254)h_FDO -0.266 (0.470)h_FDH 0.103 (0.201)h_CLO 0.099 (0.142)h_UND -0.123 (0.083)h_GAS -0.022 (0.023)_IYEAR_1994 -0.009 (0.007)_IYEAR_1995 -0.018 (0.012)_IYEAR_1996 -0.025† (0.014)_IYEAR_1997 -0.031∗ (0.014)_IYEAR_1998 -0.030† (0.016)_IYEAR_1999 -0.033∗ (0.016)_IYEAR_2000 -0.034† (0.018)_IYEAR_2001 -0.042∗ (0.021)_IYEAR_2002 -0.051∗ (0.022)_IQTR_2 0.005 (0.003)_IQTR_3 0.000 (0.003)_IQTR_4 0.001 (0.003)POPSIZE 0.000 (0.001)_IREGION_2 0.005† (0.003)_IREGION_3 -0.007∗∗ (0.003)_IREGION_4 -0.005∗ (0.002)_IOCCUP1_2 0.006∗∗ (0.002)_IOCCUP1_3 0.022∗∗ (0.003)_IOCCUP1_4 0.039∗∗ (0.009)_IOCCUP1_5 0.015∗∗ (0.003)_IOCCUP1_6 0.019∗∗ (0.003)_IOCCUP1_7 0.000 (0.007)_IOCCUP1_8 0.009∗∗ (0.003)_IOCCUP1_9 0.045∗∗ (0.003)_IOCCUP1_10 0.024∗∗ (0.003)SEX_REF 0.004∗∗ (0.002)AGE_REF 0.000 (0.000)YR_EDREF -0.007∗∗ (0.000)_IMARITAL1_2 0.013∗∗ (0.003)_IMARITAL1_3 0.016∗∗ (0.003)_IMARITAL1_4 0.026∗∗ (0.005)_IMARITAL1_5 0.025∗∗ (0.003)_IREF_RACE_2 0.014∗∗ (0.003)_IREF_RACE_3 0.008 (0.009)_IREF_RACE_4 0.012∗∗ (0.004)PERSLT18 0.012∗∗ (0.001)PERSOT64 0.004∗ (0.002)NFEM -0.001 (0.001)CAR -0.255∗∗ (0.070)JWL -0.757∗∗ (0.083)HSE -0.212∗∗ (0.026)Continued on next page...38



... table 1.11 
ontinuedVariable Coe�
ient (Std. Err.)Inter
ept -1.085∗ (0.457)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.12: CLO equation, �rst stepVariable Coe�
ient (Std. Err.)m_CLO 0.067∗ (0.027)lnx 0.314∗∗ (0.078)lnx2 -0.021∗∗ (0.005)m_ALH -0.018 (0.018)m_ALO 0.005 (0.019)m_FDO -0.001 (0.004)m_FDH 0.001 (0.001)m_UND -0.061 (0.076)m_GAS 0.001 (0.004)m_OTH -0.004∗∗ (0.001)h_ALH 0.026 (0.084)h_ALO -0.064 (0.102)h_FDO 0.220 (0.196)h_FDH 0.030 (0.083)h_CLO -0.077 (0.060)h_UND 0.036 (0.035)h_GAS 0.006 (0.009)_IYEAR_1994 0.001 (0.003)_IYEAR_1995 0.003 (0.005)_IYEAR_1996 0.002 (0.006)_IYEAR_1997 0.003 (0.006)_IYEAR_1998 0.003 (0.006)_IYEAR_1999 0.002 (0.007)_IYEAR_2000 0.001 (0.007)_IYEAR_2001 -0.002 (0.009)_IYEAR_2002 -0.004 (0.009)_IQTR_2 0.000 (0.001)_IQTR_3 0.001 (0.001)_IQTR_4 0.000 (0.001)POPSIZE -0.001 (0.000)_IREGION_2 0.000 (0.001)_IREGION_3 0.002 (0.002)_IREGION_4 -0.002 (0.001)_IOCCUP1_2 -0.003∗∗ (0.001)_IOCCUP1_3 -0.005∗∗ (0.001)_IOCCUP1_4 0.000 (0.003)_IOCCUP1_5 -0.003∗ (0.001)_IOCCUP1_6 -0.004∗∗ (0.001)_IOCCUP1_7 -0.001 (0.003)_IOCCUP1_8 -0.002 (0.002)_IOCCUP1_9 -0.005∗∗ (0.001)_IOCCUP1_10 -0.004∗∗ (0.001)SEX_REF 0.000 (0.001)AGE_REF 0.000 (0.000)YR_EDREF 0.001∗∗ (0.000)_IMARITAL1_2 0.001 (0.001)_IMARITAL1_3 0.000 (0.001)_IMARITAL1_4 0.003† (0.002)_IMARITAL1_5 0.002 (0.001)Continued on next page...39



... table 1.12 
ontinuedVariable Coe�
ient (Std. Err.)_IREF_RACE_2 0.004∗∗ (0.001)_IREF_RACE_3 -0.005† (0.003)_IREF_RACE_4 0.001 (0.001)PERSLT18 0.004∗∗ (0.000)PERSOT64 -0.002∗∗ (0.001)NFEM 0.000 (0.000)CAR 0.115∗∗ (0.043)JWL 0.270∗∗ (0.051)HSE 0.004 (0.014)Inter
ept -1.123∗∗ (0.285)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.13: UND equation, �rst stepVariable Coe�
ient (Std. Err.)m_UND 0.015 (0.030)lnx 0.040∗ (0.016)lnx2 -0.003∗ (0.001)m_ALH -0.007 (0.004)m_ALO 0.002 (0.005)m_FDO 0.000 (0.001)m_FDH 0.000 (0.000)m_CLO 0.001 (0.005)m_GAS 0.000 (0.001)m_OTH 0.000 (0.000)h_ALH 0.025 (0.021)h_ALO 0.021 (0.026)h_FDO 0.025 (0.049)h_FDH -0.002 (0.020)h_CLO 0.003 (0.015)h_UND 0.002 (0.009)h_GAS 0.002 (0.002)_IYEAR_1994 0.000 (0.001)_IYEAR_1995 0.001 (0.001)_IYEAR_1996 0.001 (0.001)_IYEAR_1997 0.001 (0.001)_IYEAR_1998 0.001 (0.002)_IYEAR_1999 0.001 (0.002)_IYEAR_2000 0.001 (0.002)_IYEAR_2001 0.001 (0.002)_IYEAR_2002 0.001 (0.002)_IQTR_2 0.000 (0.000)_IQTR_3 0.000 (0.000)_IQTR_4 0.000 (0.000)POPSIZE 0.000 (0.000)_IREGION_2 0.000 (0.000)_IREGION_3 0.000† (0.000)_IREGION_4 0.000 (0.000)_IOCCUP1_2 0.000 (0.000)_IOCCUP1_3 0.000 (0.000)_IOCCUP1_4 0.002† (0.001)_IOCCUP1_5 0.000 (0.000)_IOCCUP1_6 0.000 (0.000)_IOCCUP1_7 0.000 (0.001)_IOCCUP1_8 0.000 (0.000)Continued on next page...40



... table 1.13 
ontinuedVariable Coe�
ient (Std. Err.)_IOCCUP1_9 0.001† (0.000)_IOCCUP1_10 0.000† (0.000)SEX_REF 0.001∗∗ (0.000)AGE_REF 0.000∗∗ (0.000)YR_EDREF 0.000 (0.000)_IMARITAL1_2 0.000 (0.000)_IMARITAL1_3 0.000† (0.000)_IMARITAL1_4 -0.001∗ (0.000)_IMARITAL1_5 -0.001† (0.000)_IREF_RACE_2 0.001† (0.000)_IREF_RACE_3 0.001 (0.002)_IREF_RACE_4 -0.001† (0.000)PERSLT18 0.001∗∗ (0.000)PERSOT64 0.000 (0.000)NFEM 0.000 (0.000)CAR 0.012 (0.009)JWL 0.025∗∗ (0.009)HSE 0.001 (0.003)Inter
ept -0.143∗ (0.059)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.14: GAS equation, �rst stepVariable Coe�
ient (Std. Err.)m_GAS -0.068∗ (0.030)lnx -0.829∗∗ (0.276)lnx2 0.059∗∗ (0.019)m_ALH 0.016 (0.041)m_ALO -0.167∗∗ (0.064)m_FDO 0.009 (0.012)m_FDH 0.009† (0.005)m_CLO -0.011 (0.016)m_UND -0.091 (0.075)m_OTH 0.007∗ (0.003)h_ALH -0.168 (0.197)h_ALO 0.174 (0.244)h_FDO -0.097 (0.457)h_FDH -0.062 (0.197)h_CLO 0.213 (0.144)h_UND -0.031 (0.082)h_GAS 0.015 (0.021)_IYEAR_1994 -0.002 (0.007)_IYEAR_1995 0.000 (0.011)_IYEAR_1996 0.001 (0.013)_IYEAR_1997 0.005 (0.014)_IYEAR_1998 0.001 (0.015)_IYEAR_1999 -0.001 (0.016)_IYEAR_2000 0.006 (0.017)_IYEAR_2001 0.012 (0.021)_IYEAR_2002 0.010 (0.022)_IQTR_2 -0.008∗ (0.004)_IQTR_3 -0.005† (0.003)_IQTR_4 -0.007† (0.004)POPSIZE 0.004∗∗ (0.001)_IREGION_2 0.009∗∗ (0.003)Continued on next page...41



... table 1.14 
ontinuedVariable Coe�
ient (Std. Err.)_IREGION_3 0.005∗ (0.002)_IREGION_4 0.010∗∗ (0.003)_IOCCUP1_2 0.014∗∗ (0.003)_IOCCUP1_3 0.013∗∗ (0.003)_IOCCUP1_4 0.004 (0.008)_IOCCUP1_5 0.016∗∗ (0.003)_IOCCUP1_6 0.023∗∗ (0.004)_IOCCUP1_7 -0.004 (0.009)_IOCCUP1_8 0.013∗∗ (0.004)_IOCCUP1_9 -0.001 (0.003)_IOCCUP1_10 0.002 (0.003)SEX_REF -0.001 (0.002)AGE_REF -0.001∗∗ (0.000)YR_EDREF -0.002∗∗ (0.000)_IMARITAL1_2 -0.005 (0.003)_IMARITAL1_3 0.008∗∗ (0.003)_IMARITAL1_4 0.000 (0.005)_IMARITAL1_5 0.000 (0.003)_IREF_RACE_2 0.000 (0.002)_IREF_RACE_3 0.022∗∗ (0.008)_IREF_RACE_4 -0.009∗ (0.004)PERSLT18 -0.007∗∗ (0.001)PERSOT64 0.000 (0.002)NFEM -0.001 (0.001)CAR -0.601∗∗ (0.153)JWL -0.581∗∗ (0.161)HSE -0.267∗∗ (0.048)Inter
ept 3.053∗∗ (1.003)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%
Equation�by�equation estimation results: third stage GS2SLSpro
edureFinal equation by equation estimation results: estimates are e�
ient, i.e.
orre
ted by spatial stru
ture on the error termTable 1.15: ALH equation, �nal estimatesVariable Coe�
ient (Std. Err.)m_ALH -0.004 (0.042)lnx -0.039 (0.024)lnx2 0.003† (0.002)m_ALO 0.012 (0.026)m_FDO 0.005† (0.003)m_FDH 0.001 (0.001)m_CLO 0.001 (0.005)m_UND -0.054∗ (0.022)m_GAS -0.001 (0.003)m_OTH -0.001 (0.000)h_ALH -0.042 (0.032)Continued on next page...42



... table 1.15 
ontinuedVariable Coe�
ient (Std. Err.)h_ALO -0.046 (0.043)h_FDO 0.088 (0.080)h_FDH 0.005 (0.034)h_CLO 0.008 (0.023)h_UND -0.006 (0.014)h_GAS 0.002 (0.004)_IYEAR_1994 0.001 (0.001)_IYEAR_1995 0.000 (0.002)_IYEAR_1996 0.000 (0.002)_IYEAR_1997 0.000 (0.002)_IYEAR_1998 0.000 (0.003)_IYEAR_1999 -0.001 (0.003)_IYEAR_2000 0.000 (0.003)_IYEAR_2001 0.000 (0.003)_IYEAR_2002 0.000 (0.004)_IQTR_2 0.000 (0.001)_IQTR_3 0.000 (0.000)_IQTR_4 0.000 (0.000)POPSIZE 0.000 (0.000)_IREGION_2 -0.001† (0.001)_IREGION_3 0.000 (0.001)_IREGION_4 0.001† (0.001)_IOCCUP1_2 0.001 (0.000)_IOCCUP1_3 0.001† (0.000)_IOCCUP1_4 0.003∗ (0.002)_IOCCUP1_5 0.002∗∗ (0.001)_IOCCUP1_6 0.001∗ (0.001)_IOCCUP1_7 -0.002∗∗ (0.001)_IOCCUP1_8 -0.001 (0.001)_IOCCUP1_9 0.000 (0.000)_IOCCUP1_10 0.001† (0.000)SEX_REF -0.002∗∗ (0.000)AGE_REF 0.000∗∗ (0.000)YR_EDREF 0.000 (0.000)_IMARITAL1_2 0.001 (0.001)_IMARITAL1_3 0.002∗∗ (0.001)_IMARITAL1_4 0.001 (0.001)_IMARITAL1_5 0.002∗∗ (0.001)_IREF_RACE_2 0.000 (0.000)_IREF_RACE_3 0.000 (0.001)_IREF_RACE_4 -0.003∗∗ (0.001)PERSLT18 -0.001∗∗ (0.000)PERSOT64 0.000 (0.000)NFEM -0.001∗∗ (0.000)CAR -0.036∗∗ (0.014)JWL -0.026† (0.013)HSE -0.018∗∗ (0.005)CONSTANT 0.159† (0.090)Inter
ept 0.000 (0.000)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.16: ALO equation, �nal estimatesVariable Coe�
ient (Std. Err.)m_ALO -0.050 (0.047)Continued on next page...43



... table 1.16 
ontinuedVariable Coe�
ient (Std. Err.)lnx -0.025 (0.019)lnx2 0.001 (0.001)m_ALH 0.028 (0.022)m_FDO 0.011∗∗ (0.004)m_FDH 0.001 (0.001)m_CLO 0.009† (0.005)m_UND -0.037∗ (0.017)m_GAS -0.008∗∗ (0.003)m_OTH -0.001 (0.000)h_ALH -0.078 (0.050)h_ALO 0.082† (0.044)h_FDO 0.020 (0.090)h_FDH 0.076∗ (0.034)h_CLO 0.020 (0.024)h_UND 0.014 (0.014)h_GAS 0.009∗ (0.004)_IYEAR_1994 0.001 (0.001)_IYEAR_1995 0.000 (0.002)_IYEAR_1996 -0.001 (0.002)_IYEAR_1997 -0.001 (0.002)_IYEAR_1998 -0.002 (0.003)_IYEAR_1999 -0.002 (0.003)_IYEAR_2000 -0.002 (0.003)_IYEAR_2001 -0.002 (0.004)_IYEAR_2002 0.000 (0.004)_IQTR_2 -0.001∗ (0.001)_IQTR_3 0.000 (0.000)_IQTR_4 -0.002∗∗ (0.001)POPSIZE -0.001∗∗ (0.000)_IREGION_2 -0.001† (0.001)_IREGION_3 0.000 (0.001)_IREGION_4 0.000 (0.000)_IOCCUP1_2 -0.001 (0.000)_IOCCUP1_3 -0.001 (0.000)_IOCCUP1_4 -0.002∗∗ (0.001)_IOCCUP1_5 0.000 (0.001)_IOCCUP1_6 -0.001 (0.001)_IOCCUP1_7 -0.001 (0.001)_IOCCUP1_8 -0.002∗∗ (0.000)_IOCCUP1_9 -0.002∗∗ (0.000)_IOCCUP1_10 -0.001† (0.000)SEX_REF -0.002∗∗ (0.000)AGE_REF 0.000∗∗ (0.000)YR_EDREF 0.000∗∗ (0.000)_IMARITAL1_2 0.001 (0.001)_IMARITAL1_3 0.002∗∗ (0.001)_IMARITAL1_4 0.001† (0.001)_IMARITAL1_5 0.004∗∗ (0.001)_IREF_RACE_2 -0.003∗∗ (0.000)_IREF_RACE_3 -0.003∗ (0.001)_IREF_RACE_4 -0.002∗∗ (0.001)PERSLT18 -0.001∗∗ (0.000)PERSOT64 0.000 (0.000)NFEM -0.001∗∗ (0.000)CAR -0.003 (0.010)JWL 0.014 (0.010)HSE -0.001 (0.004)CONSTANT 0.121† (0.070)Continued on next page...44



... table 1.16 
ontinuedVariable Coe�
ient (Std. Err.)Inter
ept -0.002 (0.001)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.17: FDO equation, �nal estimatesVariable Coe�
ient (Std. Err.)m_FDO -0.550∗∗ (0.195)lnx 0.026 (0.089)lnx2 -0.002 (0.006)m_ALH 0.184∗∗ (0.067)m_ALO 0.701∗∗ (0.238)m_FDH -0.016∗∗ (0.006)m_CLO -0.004 (0.012)m_UND 0.014 (0.054)m_GAS 0.164∗∗ (0.058)m_OTH 0.051∗∗ (0.019)h_ALH -0.018 (0.159)h_ALO -0.279 (0.197)h_FDO -0.088 (0.379)h_FDH 0.044 (0.158)h_CLO -0.140 (0.115)h_UND -0.002 (0.065)h_GAS -0.009 (0.018)_IYEAR_1994 -0.003 (0.006)_IYEAR_1995 -0.012 (0.009)_IYEAR_1996 -0.010 (0.011)_IYEAR_1997 0.007 (0.011)_IYEAR_1998 -0.008 (0.012)_IYEAR_1999 -0.010 (0.013)_IYEAR_2000 -0.015 (0.015)_IYEAR_2001 -0.020 (0.018)_IYEAR_2002 -0.023 (0.019)_IQTR_2 0.003 (0.002)_IQTR_3 -0.004† (0.002)_IQTR_4 0.002 (0.002)POPSIZE 0.004∗ (0.002)_IREGION_2 0.038∗∗ (0.012)_IREGION_3 0.001 (0.002)_IREGION_4 -0.011∗∗ (0.004)_IOCCUP1_2 -0.003 (0.002)_IOCCUP1_3 -0.010∗∗ (0.002)_IOCCUP1_4 -0.005 (0.005)_IOCCUP1_5 -0.009∗∗ (0.003)_IOCCUP1_6 -0.007∗∗ (0.002)_IOCCUP1_7 0.014 (0.009)_IOCCUP1_8 -0.007∗ (0.003)_IOCCUP1_9 -0.015∗∗ (0.002)_IOCCUP1_10 -0.008∗∗ (0.002)SEX_REF -0.008∗∗ (0.001)AGE_REF 0.000 (0.000)YR_EDREF 0.003∗∗ (0.000)_IMARITAL1_2 -0.010∗∗ (0.003)_IMARITAL1_3 -0.001 (0.002)_IMARITAL1_4 0.001 (0.003)_IMARITAL1_5 0.011∗∗ (0.003)Continued on next page...45



... table 1.17 
ontinuedVariable Coe�
ient (Std. Err.)_IREF_RACE_2 -0.014∗∗ (0.002)_IREF_RACE_3 -0.013∗ (0.006)_IREF_RACE_4 0.060∗∗ (0.019)PERSLT18 -0.003∗∗ (0.001)PERSOT64 -0.005∗∗ (0.001)NFEM -0.002∗ (0.001)CAR -0.038 (0.051)JWL 0.239∗∗ (0.056)HSE -0.043∗ (0.017)CONSTANT -0.328 (0.342)Inter
ept 0.270 (0.190)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.18: FDH equation, �nal estimatesVariable Coe�
ient (Std. Err.)m_FDH 0.015 (0.017)lnx 0.397∗ (0.168)lnx2 -0.024∗ (0.012)m_ALH 0.168† (0.102)m_ALO -0.094 (0.085)m_FDO -0.052∗∗ (0.019)m_CLO 0.007 (0.032)m_UND -0.102 (0.169)m_GAS 0.015 (0.025)m_OTH -0.002 (0.005)h_ALH -0.183 (0.208)h_ALO 0.102 (0.255)h_FDO -0.277 (0.474)h_FDH 0.113 (0.203)h_CLO 0.105 (0.144)h_UND -0.129 (0.084)h_GAS -0.020 (0.023)_IYEAR_1994 -0.009 (0.007)_IYEAR_1995 -0.017 (0.012)_IYEAR_1996 -0.027† (0.014)_IYEAR_1997 -0.032∗ (0.014)_IYEAR_1998 -0.030† (0.016)_IYEAR_1999 -0.032∗ (0.016)_IYEAR_2000 -0.034† (0.018)_IYEAR_2001 -0.042† (0.021)_IYEAR_2002 -0.051∗ (0.023)_IQTR_2 0.005 (0.003)_IQTR_3 0.000 (0.003)_IQTR_4 0.000 (0.003)POPSIZE 0.001 (0.001)_IREGION_2 0.006† (0.004)_IREGION_3 -0.006† (0.003)_IREGION_4 -0.002 (0.003)_IOCCUP1_2 0.006∗ (0.002)_IOCCUP1_3 0.022∗∗ (0.003)_IOCCUP1_4 0.038∗∗ (0.009)_IOCCUP1_5 0.016∗∗ (0.003)_IOCCUP1_6 0.019∗∗ (0.003)_IOCCUP1_7 0.000 (0.007)Continued on next page...46



... table 1.18 
ontinuedVariable Coe�
ient (Std. Err.)_IOCCUP1_8 0.008∗ (0.003)_IOCCUP1_9 0.044∗∗ (0.003)_IOCCUP1_10 0.024∗∗ (0.003)SEX_REF 0.004∗∗ (0.002)AGE_REF 0.000 (0.000)YR_EDREF -0.007∗∗ (0.000)_IMARITAL1_2 0.015∗∗ (0.004)_IMARITAL1_3 0.017∗∗ (0.003)_IMARITAL1_4 0.027∗∗ (0.005)_IMARITAL1_5 0.026∗∗ (0.004)_IREF_RACE_2 0.015∗∗ (0.003)_IREF_RACE_3 0.008 (0.009)_IREF_RACE_4 0.014∗∗ (0.005)PERSLT18 0.012∗∗ (0.001)PERSOT64 0.003† (0.002)NFEM -0.001 (0.001)CAR -0.229∗ (0.092)JWL -0.736∗∗ (0.095)HSE -0.204∗∗ (0.031)CONSTANT -1.279∗ (0.614)Inter
ept 0.001 (0.002)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.19: CLO equation, �nal estimatesVariable Coe�
ient (Std. Err.)m_CLO 0.038 (0.025)lnx 0.249∗∗ (0.065)lnx2 -0.017∗∗ (0.004)m_ALH -0.014 (0.020)m_ALO 0.009 (0.026)m_FDO -0.003 (0.005)m_FDH 0.000 (0.001)m_UND 0.022 (0.071)m_GAS 0.001 (0.004)m_OTH -0.002∗ (0.001)h_ALH 0.017 (0.077)h_ALO -0.059 (0.092)h_FDO 0.229 (0.177)h_FDH 0.021 (0.075)h_CLO -0.067 (0.053)h_UND 0.036 (0.031)h_GAS 0.007 (0.008)_IYEAR_1994 0.001 (0.003)_IYEAR_1995 0.003 (0.004)_IYEAR_1996 0.002 (0.005)_IYEAR_1997 0.003 (0.005)_IYEAR_1998 0.003 (0.006)_IYEAR_1999 0.002 (0.006)_IYEAR_2000 0.001 (0.007)_IYEAR_2001 -0.002 (0.008)_IYEAR_2002 -0.003 (0.009)_IQTR_2 0.000 (0.001)_IQTR_3 0.000 (0.001)_IQTR_4 0.000 (0.001)Continued on next page...47



... table 1.19 
ontinuedVariable Coe�
ient (Std. Err.)POPSIZE -0.001 (0.000)_IREGION_2 0.000 (0.001)_IREGION_3 0.000 (0.001)_IREGION_4 -0.002∗ (0.001)_IOCCUP1_2 -0.003∗ (0.001)_IOCCUP1_3 -0.005∗∗ (0.001)_IOCCUP1_4 -0.001 (0.003)_IOCCUP1_5 -0.003∗ (0.001)_IOCCUP1_6 -0.004∗∗ (0.001)_IOCCUP1_7 -0.002 (0.003)_IOCCUP1_8 -0.002 (0.001)_IOCCUP1_9 -0.005∗∗ (0.001)_IOCCUP1_10 -0.004∗∗ (0.001)SEX_REF 0.000 (0.001)AGE_REF 0.000 (0.000)YR_EDREF 0.001∗∗ (0.000)_IMARITAL1_2 0.001 (0.001)_IMARITAL1_3 0.000 (0.001)_IMARITAL1_4 0.003 (0.002)_IMARITAL1_5 0.002 (0.001)_IREF_RACE_2 0.005∗∗ (0.001)_IREF_RACE_3 -0.005† (0.003)_IREF_RACE_4 0.001 (0.001)PERSLT18 0.003∗∗ (0.000)PERSOT64 -0.002∗∗ (0.001)NFEM 0.000 (0.000)CAR 0.079∗ (0.036)JWL 0.244∗∗ (0.044)HSE -0.006 (0.012)CONSTANT -0.889∗∗ (0.236)Inter
ept 0.001 (0.003)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.20: UND equation, �nal estimatesVariable Coe�
ient (Std. Err.)m_UND 0.079 (0.067)lnx 0.057∗∗ (0.021)lnx2 -0.004∗∗ (0.001)m_ALH -0.003 (0.012)m_ALO 0.007 (0.009)m_FDO -0.001 (0.002)m_FDH -0.001 (0.001)m_CLO -0.011 (0.012)m_GAS 0.001 (0.002)m_OTH 0.000 (0.000)h_ALH 0.029 (0.022)h_ALO 0.022 (0.027)h_FDO 0.016 (0.052)h_FDH 0.000 (0.021)h_CLO 0.000 (0.016)h_UND 0.003 (0.009)h_GAS 0.002 (0.002)_IYEAR_1994 0.000 (0.001)_IYEAR_1995 0.001 (0.001)Continued on next page...48



... table 1.20 
ontinuedVariable Coe�
ient (Std. Err.)_IYEAR_1996 0.001 (0.001)_IYEAR_1997 0.001 (0.002)_IYEAR_1998 0.001 (0.002)_IYEAR_1999 0.001 (0.002)_IYEAR_2000 0.001 (0.002)_IYEAR_2001 0.001 (0.002)_IYEAR_2002 0.001 (0.002)_IQTR_2 0.000 (0.000)_IQTR_3 0.000 (0.000)_IQTR_4 0.000 (0.000)POPSIZE 0.000 (0.000)_IREGION_2 0.000 (0.001)_IREGION_3 0.000 (0.000)_IREGION_4 0.000 (0.000)_IOCCUP1_2 0.000 (0.000)_IOCCUP1_3 0.000 (0.000)_IOCCUP1_4 0.002† (0.001)_IOCCUP1_5 0.000 (0.000)_IOCCUP1_6 0.000 (0.000)_IOCCUP1_7 0.000 (0.001)_IOCCUP1_8 0.000 (0.000)_IOCCUP1_9 0.000 (0.000)_IOCCUP1_10 0.000 (0.000)SEX_REF 0.001∗∗ (0.000)AGE_REF 0.000† (0.000)YR_EDREF 0.000 (0.000)_IMARITAL1_2 0.000 (0.000)_IMARITAL1_3 -0.001∗ (0.000)_IMARITAL1_4 -0.001† (0.000)_IMARITAL1_5 -0.001 (0.000)_IREF_RACE_2 0.001 (0.000)_IREF_RACE_3 0.001 (0.002)_IREF_RACE_4 0.000 (0.001)PERSLT18 0.002∗∗ (0.000)PERSOT64 0.000 (0.000)NFEM 0.000 (0.000)CAR 0.021† (0.011)JWL 0.032∗∗ (0.012)HSE 0.003 (0.004)CONSTANT -0.204∗∗ (0.078)Inter
ept 0.000 (0.000)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%Table 1.21: GAS equation, �nal estimatesVariable Coe�
ient (Std. Err.)m_GAS -0.082∗ (0.034)lnx -0.610∗∗ (0.187)lnx2 0.044∗∗ (0.013)m_ALH 0.072 (0.054)m_ALO -0.125† (0.065)m_FDO -0.006 (0.013)m_FDH 0.011∗ (0.005)m_CLO -0.003 (0.025)m_UND 0.049 (0.096)Continued on next page...49



... table 1.21 
ontinuedVariable Coe�
ient (Std. Err.)m_OTH 0.005† (0.003)h_ALH -0.112 (0.158)h_ALO 0.146 (0.196)h_FDO -0.150 (0.369)h_FDH -0.024 (0.158)h_CLO 0.167 (0.114)h_UND -0.029 (0.066)h_GAS 0.013 (0.017)_IYEAR_1994 -0.002 (0.006)_IYEAR_1995 -0.001 (0.009)_IYEAR_1996 -0.001 (0.011)_IYEAR_1997 0.003 (0.011)_IYEAR_1998 0.003 (0.012)_IYEAR_1999 0.002 (0.013)_IYEAR_2000 0.007 (0.014)_IYEAR_2001 0.012 (0.017)_IYEAR_2002 0.010 (0.018)_IQTR_2 -0.006∗ (0.003)_IQTR_3 -0.004† (0.002)_IQTR_4 -0.005† (0.003)POPSIZE 0.005∗∗ (0.001)_IREGION_2 0.005† (0.003)_IREGION_3 0.005∗ (0.002)_IREGION_4 0.008∗∗ (0.003)_IOCCUP1_2 0.012∗∗ (0.002)_IOCCUP1_3 0.012∗∗ (0.002)_IOCCUP1_4 0.005 (0.007)_IOCCUP1_5 0.015∗∗ (0.003)_IOCCUP1_6 0.020∗∗ (0.003)_IOCCUP1_7 -0.001 (0.007)_IOCCUP1_8 0.012∗∗ (0.003)_IOCCUP1_9 -0.002 (0.002)_IOCCUP1_10 0.002 (0.002)SEX_REF -0.001 (0.001)AGE_REF -0.001∗∗ (0.000)YR_EDREF -0.002∗∗ (0.000)_IMARITAL1_2 -0.005 (0.003)_IMARITAL1_3 0.007∗∗ (0.002)_IMARITAL1_4 0.000 (0.004)_IMARITAL1_5 0.000 (0.002)_IREF_RACE_2 -0.003 (0.002)_IREF_RACE_3 0.017∗ (0.007)_IREF_RACE_4 0.000 (0.003)PERSLT18 -0.006∗∗ (0.001)PERSOT64 -0.001 (0.002)NFEM -0.001 (0.001)CAR -0.484∗∗ (0.105)JWL -0.492∗∗ (0.118)HSE -0.233∗∗ (0.034)CONSTANT 2.246∗∗ (0.681)Inter
ept -0.001 (0.002)Signi�
an
e levels : † : 10% ∗ : 5% ∗∗ : 1%
50



OMD estimates of pri
es' parametersALH ALO FDO FDH CLO UND GASALH -0.043(0.03)ALO -0.048 −0.092∗(0.031) (0.79)FDO 0.069 0.042 -0.195(0.064) (0.074) (0.260)FDH 0.005 0.080∗ -0.007 0.232(0.033) (0.032) (0.120) (0.188)CLO -0.003 0.012 -0.062 -0.032 -0.031(0.019) (0.020) (0.120) (0.050) (0.031)UND 0.002 0.018 -0.004 -0.015 0.007 -0.001(0.011) (0.012) (0.032) (0.020) (0.013) (0.008)GAS 0.001 0.008∗ -0.001 -0.001 -0.005 0.000 0.013(0.003) (0.003) (0.014) (0.015) (0.005) (0.002) (0.009)std errors in parenthesis. ** 5% signi�
an
e level
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Chapter 2Does So
ial Capital redu
e moralhazard? A network model fornon�life insuran
e demandwith Giovanni Millo∗
∗ Assi
urazioni Generali Resear
h Department and Università degli studidi TriesteThe present 
hapter shows the results a
hieved and the dis
ussions jointly had by my
oauthor and me, but the �nal form as a 
hapter is due to me alone for the purpose ofthis thesis. This means that I am the only responsible for every linguisti
 or mathemati
alerror and impre
ision.abstra
tWe study the e�e
t of moral hazard involved in non market 
ontra
ts on thedemand for marketed 
ontra
ts. We extend the Arnott and Stiglitz model onthe 
oexisten
e of market and non�market insuran
e to allow for the presen
eof So
ial Capital as a determinant of the severity of moral hazard in informal
ontra
ts. We provide a rigorous de�nition of So
ial Network and So
ialCapital by means of an equilibrium 
on
ept typi
al of the Network literature.Su
h a formal approa
h gives us a 
lear guidan
e for measuring So
ial Capitaland validate the model on empiri
al data. The model is estimated on apanel dataset, supporting our 
laim that So
ial Capital in
reases the demandfor non�life insuran
e. We test for the presen
e of spatial 
orrelation, and52




on
lude that the the spatial stru
ture of demand for non�life insuran
e
ontra
ts is determined by the spatial distribution of So
ial Capital.2.1 Introdu
tionSo
ial Capital is a 
on
ept not limited to so
iology: during the last 20 yearsit spread out and has been used a
ross almost all so
ial s
ien
es. Despitesu
h a great interest and huge amount of resear
h on it, it's still a sugges-tive word that reminds of many di�erent but related resear
h �elds, ratherthan a pre
ise 
on
ept. Further on, the study of so
ial 
apital has a lot todo with Italy: the seminal book by 
itePutnam:93 about demo
ra
y andinstitutions' e�
ien
y a
ross Italy is a sour
e of overwhelming empiri
al ev-iden
e on the relevan
e of so
ial 
apital in Italian so
ial life. Fo
using one
onomi
s, re
ently Guiso et al. (2004) found that so
ial 
apital in�uen
esthe asset allo
ation 
hoi
es of Italian households: they started from the ideathat any �nan
ial 
ontra
t involves trust, whi
h is strongly 
orrelated toSo
ial Capital, and found empiri
al results on this relation.Our question is whether it matters also on individual 
hoi
es about in-suran
e expenditure. In parti
ular, we are interested in demand for non�lifeinsuran
e 
ontra
ts. While life insuran
e 
an be assimilated to pension fundsand other �nan
ial assets in terms of e
onomi
 rationale - it's an investmentwhi
h gives a return - for non�life insuran
e things are di�erent. Householdsbuy a non�life insuran
e 
ontra
t to avoid the risk of su�ering losses in somefuture state of the world: they pay a �xed pri
e (the premium) to transfermoney from a future un
ertain state of the world to a 
ertain one. Arnottand Stiglitz (1991) set up a model where together with market insuran
e,individuals 
an enter in non�market mutual insuran
e 
ontra
ts. In theirmodel the role played by non market insuran
e is related to peer monitoring:if informational asymmetry between the insurer and the 
ustomer still holdsin non�market 
ontra
ts, they are dysfun
tional and non�market insuran
edispla
es market 
ontra
ts redu
ing so
ial welfare. Vi
e versa, if individuals
an observe other individuals' e�ort, non�market 
ontra
ts are welfare en-han
ing sin
e they provide extra insuran
e 
overage at the market pri
e setby the insuran
e 
ompany. What they 
all peer monitoring is a
tually theseverity of moral hazard in non�market agreements. We will investigate therelation between moral hazard involved in non market insuran
e 
ontra
tsand demand for market insuran
e. We will also formally link moral hazardand so
ial 
apital, 
on
luding that so
ial 
apital itself in
reases the aggregatedemand for insuran
e. A 
areful de�nition of So
ial Capital and its role inthe model allows us to test our 
on
lusions empiri
ally.53



Previous studies on Italy leave spa
e for su
h a model. Millo and Lenzi(2005) found that the Italian insuran
e market exhibits spatial heterogene-ity and spatial 
orrelation at the provin
e level even after 
ontrolling for anumber of demographi
s. If heterogeneity in the di�usion of insuran
e 
on-tra
ts is due to di�eren
es in the degree of So
ial Capital, it is reasonable tothink that its di�usion does not follow administrative provin
e boundaries:therefore, our explanation is 
oherent with the presen
e of spatial 
orrelationat the provin
e level. The so
ial 
apital interpretation is suggestive also foranother reason: Durlauf and Faf
hamps (2004) point out that a possible rolefor so
ial 
apital in e
onomi
 models is to limit market ine�
ien
ies wheninstitutions fail to resolve them: In Italy family ties are frequently substitutesfor ine�
ient institutions. Religious (mainly 
atholi
) 
ommunities as wellas some other professional and voluntary asso
iations play a role in supple-menting part of the so
ial welfare not provided by the State: disabled andelder people assistan
e or s
holarships are some examples.We estimate our model on a panel database of Italian provin
es, expli
itlytaking spatial 
orrelation into a

ount. Spatial panel estimation te
hniques,�rst outlined in Anselin (1988), have not be
ome a standard yet in the lit-erature be
ause of 
omputational di�
ulties. Based on the 
omprehensivetreatment of Elhorst (2001), we develop new pro
edures in the R languagefor maximum likelihood estimation of spatial autoregressive and spatial errorpanel models.The paper is stru
tured as follows: the se
ond se
tion des
ribes the e
o-nomi
 model. The following one extends it to provide a formal de�nition ofSo
ial Capital and to in
lude it as a determinant of the demand for marketinsuran
e. Su
h an extension will be done within a Network approa
h. Be-fore going to empiri
al validation of our model we des
ribe the dataset. The�fth se
tion is dedi
ated to the de�nition of an empiri
al measure for So
ialCapital. The sixth part des
ribes the estimation pro
edure and results. Inthe seventh se
tion we 
arry on the analysis of the spatial stru
ture of themodel. Con
lusions are drawn in the �nal se
tion.2.2 The modelArnott and Stiglitz (1991) were interested in the general equilibrium andwelfare e�e
ts of non market insuran
e and peer monitoring. Their modelprovides the ba
kground to study the e�e
t of moral hazard and therefore- as we will see in the next se
tion - of So
ial Capital on the demand formarket insuran
e.The starting point is the 
anoni
al moral�hazard model without non mar-54



ket insuran
e. There is a single and �xed damage a

ident. The probabilityof its o

urren
e, p(e), is stri
tly 
onvex and de
reasing in the individual'se�ort at a

ident avoidan
e, e, whi
h is not observable to the insurer. Indi-vidual wealth is w, the damage 
aused by the a

ident d. Individuals pay apremium β and re
eive a net payout α in 
ase the a

ident o

urs. Utilityhas the following form:
EUM = (1 − p(e))U(w − β) + p(e)U(w − d + α) − e

= (1 − p(e))u0 + p(e)u1 − e
(2.1)

EUM is well behaved (in
reasing and stri
tly 
on
ave) and separable,meaning in both the states of the world it is strongly separable in w ande�ort; disutility of e�ort is event independent, the e�ort is measured bythe disutility it 
auses and utility of 
onsumption u(·) is event independent.At the 
ompetitive 
onstrained equilibrium, the insurer o�ers less than fullinsuran
e to indu
e the 
lients to augment their e�ort at a

ident avoidan
e,i.e. d − α > β, meaning that the ordering of states of the world in terms ofutility is not altered: the wealth redu
tion in the �good� state of the world,
β, must be lower than the wealth redu
tion in the �bad� state, d − α. Thisequilibrium is stable only if 
lients pur
hase no additional insuran
e. Su
ha 
ondition must be enfor
eable by the insurer. This ex
lusivity 
onditionis not far from what happens in the real world: insuran
e 
ompanies 
annotfor
e their 
lients to buy just one 
ontra
t, but they ask them to reveal whi
hother 
ontra
ts they have 
overing the same risk, and in 
ase of a

idento

urren
e payout is divided proportionally among insurers.Non-market insuran
e is introdu
ed as follows: a 
ouple of symmetri
individuals, i and j, agree that if one of them has an a

ident and the otherdoesn't, the latter will transfer δ to the former. Ea
h of them realizes thatthe extra insuran
e will pay out if they have an a

ident and their partnerdoesn't, therefore their expe
ted utility 
hanges:

EUNMO
i = (1 − p(ei))(1 − p(ej))U(w − β) + p(ei)p(ej)U(w − d + α)

+ (1 − p(ei))p(ej)U(w − β − δ)

+ p(ei)(1 − p(ej))U(w − d + α + δ)

− ei

= (1 − p(ei))(1 − p(ej))u0 + p(ei)p(ej)u1

+ (1 − p(ei))p(ej)u2 + p(ei)(1 − p(ej))u3 − ei

(2.2)
Individuals maximize their utility 
onsidering α and β and therefore the
ontra
t's pri
e q = q(α, β) as �xed: they per
eive that if they enter a mutual55




ontra
t they 
an buy extra insuran
e at the market pri
e q. They 
hoose
δ, whi
h is the premium but also the payo� of the non�market agreement.Further on ea
h of them 
onsiders her partner as rational and assumes shewill 
hoose the level of e�ort whi
h maximizes her own utility.If ea
h individual does not observe the others' e�ort, the ex
lusivity pro-vision 
annot be enfor
ed: ea
h 
lient pays an extra premium δ if the partnerhas an a

ident and he doesn't, while he re
eives an extra payo� δ in theopposite 
ase. It is optimal for them to redu
e the e�ort while the insuran
e
ompany is still o�ering the same 
ontra
t. This is a partial equilibrium re-sult sin
e it doesn't 
onsider the rea
tion of insuran
e 
ompanies to agents'behavior. In a General Equilibrium 
ontext the 
ompany knows that the re-quired level of e�ort for the o�ered 
ontra
t 
annot be enfor
ed: non marketinsuran
e 
rowds out market insuran
e and individuals substitute insuran
eprovided by a risk neutral insurer with that provided by a risk averse one.Individual's expe
ted utility, EUNMU , is lower than without non�market in-suran
e.Vi
e versa, the authors show that if individuals 
an observe perfe
tly ea
hother's e�ort, it is optimal for them to provide non market insuran
e up tofull 
overage to augment the risk sharing opportunity. Individuals 
hoose δand ei given q(α, β). Again ea
h of them assumes peers entering non�marketagreements to be rational, therefore the optimal level of e�ort will be thesame for everybody: as in the previous 
ase, ei = ej ⇒ p(ei) = p(ej). Then,(2.2) simpli�es to

EUNMO = (1 − p)2u0 + p2u1 + p(1 − p)(u2 + u3) − e (2.3)The utility maximizing non�market agreement is δ∗ = (d − α − β)/2,whi
h brings 
overage up to full insuran
e. Furthermore, substituting u2 and
u3 in (2.3) and taking the derivative it 
an be proved that expe
ted utility isin
reasing in δ between 0 and the utility�maximizing δ∗.Up to now we poited out that the presen
e of non�market agreementswith perfe
t peer monitoring unanbigously redu
es risk, sin
e it augmentsthe 
overage available to individuals. Without peer monitoring this riskredu
tion indu
es individuals to redu
e e�ort, thus displa
ing the insuran
e
ompany, whi
h is not able anymore to enfor
e a positive level of e�ort. Thee�ort redu
ing e�e
t of the extra 
overage is present even with perfe
t peermonitoring, but it is 
ontrasted by the absen
e of moral hazard: thereforea positive value of δ implies a positive level of e. Furthermore, from �rstorder 
onditions, it is relatively easy to prove that the e�ort is not onlypositive but also in
reasing in δ between 0 and the optimal level δ∗ as long56



as p(e) < 1
2
1. This is due to the fa
t that as δ in
reases individuals be
omeless sel�sh in their 
hoi
e of e�ort. Thus, non market agreements in this 
asehave two opposite e�e
ts on e. Arnott and Stiglitz (1991) prove the followingproposition:Proposition 1 Given the 
ontra
t o�ered by the insuran
e 
ompany q =

q(α, β), if p < 1
2
at equilibrium (i.e. if δ = (d − α − β)/2), the e�ort�in
reasing e�e
t of peer monitoring is higher than the e�ort�redu
ing e�e
tof extra 
overage.The insuran
e 
ompany won't be displa
ed: it maximizes its expe
tedutility with respe
t to β and α under the zero pro�t 
ondition α = 1−p

p
βand assuming that individuals maximize their own utility (i.e., e = e∗ and

δ = δ∗ = (d − α − β)/2).We 
an now prove that non�market agreements are welfare enhan
ing,i.e. EUM < EUNMO. From (2.1) and (2.3),
(1 − p)u0 + pu1 − e < (1 − p)2u0 + p2u1 + p(1 − p)(u2 + u3) − e

u0 + u1 < u2 + u3

u0 − u2 < u3 − u1

u(w − β) − u(w − β − δ) < u(w − d + α + δ) − u(w − d + α) (2.4)The inequality holds sin
e utility is stri
tly 
on
ave and β < d−α due tomoral hazard between the market insurer and 
lients. Su
h a result holds alsoon
e heterogeneity among individuals is introdu
ed. Insurers o�er di�erent
ontra
ts based on observed 
hara
teristi
s of individuals su
h as age or mar-ital status and on past statisti
s as loss ratios in a parti
ular region2. Whatthey are not able to do, due to information asymmetry, is to o�er di�erent
ontra
ts based on individual e�ort. The result by Arnott and Stiglitz tellsus is that if the probability of a

ident o

urren
e is small, for any 
ontra
to�ered α, β and for any positive level of non�market 
overage δ up to δ∗,individual expe
ted utility is higher than without non market agreements:
ENMO

j [U |Xj ] > EM
j [U |X j] (2.5)where Xj is a ve
tor of observable individual 
hara
teristi
s, EUNMOis expe
ted utility with non market 
ontra
ts and perfe
t peer monitoring,

EUM is expe
ted utility with only market insuran
e.1Su
h a 
ondition is reasonable: individuals want to insure against events with highlosses d but small probability p2the loss ratio for a type of a

ident is the ratio between 
laims paid and premiumin
ome. 57



Up to now we brie�y outlined the main results of Arnott and Stiglitz(1991). We need a further step: while the authors were interested in thewelfare e�e
ts of non�market agreements, we want to investigate how thedemand for insuran
e 
hanges if non market agreements are available. Whilea thorough investigation of properties of the demand fun
tion given a generalutility is beyond the s
ope of the paper, we 
an restri
t the shape of individualutility fun
tions and of 
ontra
ts o�ered by insuran
e 
ompanies in orderto have 
lear empiri
al impli
ations, at the pri
e of reasonable and usualassumption in the applied literature on insuran
e.First of all, we 
an assume that insuran
e �rms dis
riminate on the basisof all observable 
hara
teristi
s of agents and thus 
onditional on a set ofdemographi
s X potential 
lient di�er only by their e�ort. Thus, the fol-lowing results 
an be thought of as valid for an homogeneous population or,given a population in whi
h individuals di�er along the dimension of X andof e�ort, the same results are all 
onditional on X. Then for the remainingof the se
tion we assume without loss of generality that individuals are allidenti
al.Drowing from the analyti
al treatment of moral hazard models in Arnottand Stiglitz (1988), it 
an be proved that:Proposition 2 If expe
ted utility fun
tion is separable, i.e. it falls in the
lass
EU = (1 − p(e))U(w) + p(e)U(w − d) − eand if disutility of e�ort is event independent, the e�ort is measured bythe disutility it 
auses, utility of 
onsumption U(·) is event independent and

lim
e↓0

(∂p/∂e)3

∂2p/∂e∂e
> −∞then demand for insuran
e de
rease with the pri
e of insuran
e and in-
rease with e�ort.From the di�erentiation of the �rst�order 
onditions of the individual'se�ort 
hoi
e problem the proposition 
an be proved to hold but for dis
on-tinuity points in the pri
e�
onsumption line, whi
h is the lo
us of utilitymaximizing linear 
ontra
ts, i.e. 
ontra
ts in whi
h q = β

α
.A su�
ient 
ondition for this line to be everywhere 
ontinuous is 
onvex-ity of indi�eren
e 
urves. The last assumption of the proposition full�l thisrequirement: the limit 
ondition implies that p is not too responsive to thee�ort e (i.e., p′ is low) and the 
urvature is high enough (i.e. p′′ is high) at58



any point (α, β). An example of su
h a p(e) is p(e) = p̄− eγ, where γ > 1
2
: ifindividual put no e�ort on a

ident avoidan
e p(e) = p̄, then the probabilityof su�ering a wealth loss d is de
reasing with a power fun
tion of the e�ort.Thus we restri
ted the utility fun
tion of individuals. The next step is toset 
onditions on strategies available to the other players, i.e. the insuran
e
ompanies. First, we restri
t 
ontra
ts o�ered to be linear, i.e. q = β
α
.Market insuran
e 
ontra
ts are ex
lusive, meaning that agents 
an sign justone 
ontra
t with one insuran
e �rm to 
over a given risk. Further more,insuran
e market is 
ompetitive and 
ompanies set the pri
e in order to makezero pro�t. Therefore at equilibrium

q =
β

α
=

p(e)

1 − p(e)Separability, 
onvexity of indi�eren
e 
urves, linear pri
ing and zero pro�t
hara
terize equilibria. While it is possible to prove that an equilibrium withlinear pri
ing always exists (see Arnott and Stiglitz (1988) for details), itmay entail 
orner solutions, i.e. zero insuran
e or positive pro�ts. Thus, forthe sake of simpli
ity we 
on
entrate on internal solutions, i.e. on equilibria
hara
terized by positive insuran
e (β > 0, α > 0) and zero pro�ts.Proposition 2 states that insuran
e demand depends on e�ort e and in-suran
e pri
e q, whi
h are the 
hoi
e variables respe
tively of agents and�rms. If non�market agreements are not available, agents 
hoose e = ẽ tomaximize their expe
ted utility 
onsidering q̃ as given. On the other hand�rms internalize agents' best responses while pri
ing the 
ontra
t, thus q = q̃is the best response to ẽ.If agents 
an enter non market agreements whi
h do not involve moralhazard, equilibrium e�ort and pri
e 
hanges. Agents 
onsider the pri
e of-fered q∗ as given, but they 
an 
hoose not only e, but also the extra 
overage
hara
terizing the informal agreement δ. We just saw that at equilibriumagents will agree upon δ∗ = (d − α∗ − β∗)/2 su
h that they rea
h full insur-an
e. Arnott and Stiglitz result reported in proposition 1 states that if p < 1
2the equilibrium e�ort e∗ is higher than the e�ort agents would have put with-out non market agreements, given q∗. As without non market agreements,insuran
e �rms anti
ipate agents' 
hoi
es e∗, δ∗ in order to set the pri
e q∗.Therefore, we 
an 
on
lude that:Proposition 3 Given α > 0, β > 0, if there exists an equilibrium withoutnon market agreements E0 and one with non market agreements and no moralhazard involved in those agreements E1; if p < 1

2
; if the insuran
e 
ompany
an o�er only linear 
ontra
ts and if assumptions of proposition 2 hold, thendemand for market insuran
e in E1 is higher than in E059



The proof is straightforward: if E0 and E1 exist and p < 1
2
holds thanproposition 1 holds and the e�ort level e in E1 is higher than in E0

3. Sin
epri
e is linear q = β
α
is �xed. Then, sin
e assumptions of proposition 2 hold,

q is �xed and e is higher in E1, market insuran
e demand is higher wheninformal 
ontra
ts (without moral hazard involved in them) are available.Proposition 3 deliver us an empiri
al impli
ation about insuran
e demandonly if the insuran
e 
ompany do not observe informal agreements, or ifanyway it doesn't internalize it when setting the pri
e q. If this is not the 
ase
E0 and E1 
annot exist at the same time: being E0 the starting equilibrium,on
e informal insuran
e be
ome available, the insuran
e �rm would 
hange
q in order to a

ount for δ.Note that the way we modelled informal agreements implies a hiddenassumption: on
e i and j enter the non market insuran
e 
ontra
t, they 
an
hoose the level of e�ort to put on it but they must respe
t the 
ontra
t.In other words, we assume that i will transfer δ∗ to j everytime j has ana

ident and i doesn't, without deviations. Given the informal nature of theagreement this assumption may not be inno
uous. A possible extention torelax it 
ould be to 
onsider δ, the transfer on whi
h i and j agree upon,as un
ertain, and rewrite the model in terms of expe
ted δ. Our 
laim isthat su
h an extension would 
ompli
ate the expression of expe
ted utilityand the algebra stemming from it, while the main impli
ations of the modelwould not 
hange.There is still something to do in order to a
hieve a testable impli
ation:we would like to dis
riminate peers of individuals endowed with non�marketagreements and to measure the severity of moral hazard within those 
om-munities. Moral hazard depend on peer monitoring, i.e. on re
ipro
al ob-servability of the e�ort but also on the duration of the partnership, the levelof trust between individuals entering the agreement, the severity of punish-ment when deviating from an agreement, the power of reputation and so
ialpressure: in one word, the severity of moral hazard depends on the sto
k ofso
ial 
apital a 
ommunity is endowed with.2.3 A network�based de�nition of So
ial Capi-talAs already pointed out in the introdu
tion, there isn't a 
lear�
ut de�nitionof So
ial Capital. It is an elusive 
on
ept that de
lines into parti
ular mean-3Note that we have to assume existen
e of those equilibria sin
e linear pri
ing leadalways to an equilibrium, but it 
ould involve α = 0 or β = 0.60



ings depending on the 
ontext where it is used. So
ial Capital is a suggestiveidea, but in order to have a testable model we need to formalize this 
on
ept.Durlauf and Faf
hamps (2004) point out as a 
ommon feature of many def-initions of So
ial Capital the fo
us on interpersonal relationships and so
ialnetworks. This is the reason why we use a network approa
h proposed byVega�Redondo (2006).Suppose that pairs of individuals that enter a non market insuran
e agree-ment with a given δ 
an 
hoose in ea
h period whether to put an e�ort eNMU ,whi
h is the one with moral hazard in the Arnott Stiglitz framework, or
eNMO, e�ort without moral hazard. If expe
ted utility is de
reasing in thee�ort, su
h a game is a Repeated Prisoner's dilemma. From (2.2),

∂EU i

∂ei
=
[

− (1 − p(ej))u0 + p(ej)u1

− p(ej)u2 + (1 − p(ej))u3

]

p′(ei) − 1

= [(u3 − u0)(1 − p(ej) + (u1 − u2)p(ej)] p
′(ei) − 1

(2.6)whi
h is de
reasing in ei if β+δ < d−α−δ, i.e. the total 
ost of insuran
e,
β + δ must be lower than the loss su�ered when the a

ident o

urs. If this
ondition holds (together with p(e) < 1

2
), the game rewritten in strategi
 formwith expe
ted utilities as payo�s is of the Prisoner's dilemma type (see �gure1). Sin
e marginal utility is de
reasing in the (own) e�ort, for individual iwe 
an write

EUH
ij = EU(ei = eNMU , ej = eNMO) > EUNMO

ij

EUL
ij = EU(ei = eNMO, ej = eNMU) < EUNMU

ij

Player i

Player j
eNMO eNMU

eNMO EUNMO
ij , EUNMO

ji EUL
ij , EUH

ji

eNMU EUH
ij , EUL

ji EUNMU
ij , EUNMU

jiFigure 2.1: the non�market insuran
e game in strategi
 formOn
e this game is put in a dynami
 setting, the so
ial network 
an bedes
ribed as in Vega�Redondo (2006): we have a �nite population of agents
N = {1, 2, . . . , n} where ea
h pair of intera
ting agents i, j is involved inan in�nite repetition of the des
ribed game. Players' 
onne
ting de
ision is61




aptured by a dire
ted graph ~g ⊂ N ×N , where ea
h dire
ted link (i, j) ∈ ~gis player i de
ision to 
onne
t with player j. Suppose now that every linkingde
ision lead to play. We have a de�nition for so
ial network:De�nition 1 (So
ial Network) The so
ial network indu
ed by the linkingde
ision ~g is the undire
ted graph g ⊂ N × N de�ned as
∀i, j ∈ N, (i, j) ∈ g ⇐⇒ [(i, j) ∈ ~g ∨ (j, i) ∈ ~g]and for any player i the set of her neighbors is

Ni = {j ∈ N : (i, j) ∈ g}In order to 
omplete the repeated game model we need a rule for informa-tion di�usion within the network: in our model information spread aroundthe network only gradually. To be spe
i�
, at ea
h round before playing i, jshare information about their behavior with their neighbors, i.e. whetherthey deviated from the 
ooperative strategy. To sustain a 
ooperative equi-librium it's also ne
essary that ea
h agent adopts a strategy that punishde�an
e: i for
e herself to play a trigger strategy, i.e. she will swit
h todefe
tion with j as soon as she knows j deviated with some of her neigh-bors. More formally, for any agent i the strategy sg = (sg
1, . . . , s

g
n) is of thefollowing type:1. �rst, player i 
hooses whether to start her intera
tion with j puttinge�ort eNMO (whi
h is to 
ooperate) or to put e�ort eNMU ;2. in the following rounds, she rea
ts immediately to the news j did notstart with eNMO with some k ∈ Nj swit
hing irreversibly to eNMU inher game with j.In order to give a de�nition of an equilibrium, some additional notationis needed: πi(s

g) is the overall payo� from the link (i, j) given the strategy
sg; for every agent i sg

C and sg
D are the strategies that starts respe
tively with
ooperation and defe
tion with all the agents k ∈ Ni.De�nition 2 (Pairwise�stable Network (PSN)) a PSN is a network wherefor every separate link, the two players have in
entives to sustain the 
oop-erative equilibrium, i.e.

∀(i, j) ∈ g πi(s
g
C) ≥ πi(s

g
D)The 
onne
tion of this de�nition with the So
ial Capital literature is 
learon
e the PSN is 
hara
terized in terms of 
ohesiveness. Let de�ne62



De�nition 3 (i�ex
luding distan
e) di(j, k), the i�ex
luding distan
e be-tween j and k is the shortest path joining j and k whi
h does not involveplayer i. In other words, it is the number of steps needed for any informa-tion held by j to rea
h k (and vi
e versa) without the 
on
ourse of i.ThenProposition 4 Let g be a So
ial Network where agents play the des
ribedgame, and they all fa
e a 
ommon dis
ount fa
tor η ∈ (0, 1). De�ne νik =
EUNMO

ik − EUL
ik Then, g is a PSN if and only if for all (i, j) ∈ g

EUNMO
ij +

∑

k∈Ni/{j}

ηdi(j,k)
[

ηEUNMO
ik + (1 − η)νik

]

≥ (1 − δ)EUH
ijProof of proposition 1 is in the appendix and follows the one in Vega�Redondo (2006). The impli
ations of this proposition are:

• Stability is more likely in large span networks, i.e. in networks whereea
h agent i has a large neighborhood Ni;
• Stability is more likely in 
ohesive networks, i.e. in networks with smallex
luding distan
es di(j, k).It is also 
lear that, sin
e payo�s are un
ertain, the level of volatility inthe model is inversely related with stability. Given this formalization,De�nition 4 (So
ial Capital) The sto
k of So
ial Capital of the network

g is the density4 of g.Going ba
k to the �rst part of the model, we showed that demand formarket insuran
e is a�e
ted by non�market insuran
e agreement if they donot involve moral hazard. In a pairwise stable network agents have no in
en-tives to redu
e the e�ort, i.e. moral hazard is inversely related to networkstability. Therefore, from de�nition 4 the empiri
al impli
ation of the modelis that demand for market insuran
e depend on So
ial Capital. Further on,as Vega�Redondo pointed out 
ohesiveness is network 
ounterpart of Cole-man's 
on
ept of 
losure of a So
ial Network. We have a se
ond empiri
alimpli
ation: demand for market insuran
e is related to network 
losure.4The density is the average number of links per agent (degree) in the network.
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2.4 Demographi
s and insuran
e dataIn order to identify the e�e
t of so
ial 
apital on insuran
e pur
hases, wehave to 
ontrol for the determinants of insuran
e development. Theoreti-
al models of non-life insuran
e demand, starting from the seminal paper ofMossin (1968), predi
t that for a given level of risk exposure insuran
e de-mand is in
reasing with risk aversion, probability of loss and wealth at stake.Empiri
al studies identify some observable 
ounterparts. Wealth, when notobservable, is generally proxied by means of in
ome or bank deposits; so itis risk exposure, whi
h is in turn related to total wealth and the level of e
o-nomi
 a
tivity. Loss probability may too be related to in
ome as a measureof e
onomi
 a
tivity; urbanization has also been suggested for this purpose(Browne et al. (2000)). Loss ratios5 have also been suggested as a proxy forthe probability of loss. Aspe
ts of risk aversion may be 
aptured by edu
a-tion or the age stru
ture of the population, even though the expe
ted sign ofthe e�e
t is un
lear (see Browne and Kim (1993), Gra
e and Skipper (1991)and the dis
ussion in Browne et al. (2000)).2.4.1 Controlling for supply side variablesWe stated in se
tion 2 that an insuran
e 
ompany has a limited dis
riminat-ing power, i.e. if individuals are heterogeneous it 
an o�er di�erent 
ontra
ts(whi
h means di�erent pri
es) based on observable 
hara
teristi
s of indi-viduals in a parti
ular subpopulation, but it 
an't o�er individual 
ontra
tsbased on e�ort, whi
h is always unobserved by the insurer. This meansthat in an empiri
al investigation on demand for insuran
e it is 
ru
ial to
ontrol for supply side 
hanges (i.e. for o�ered pri
es), in order to be surethat the marginal e�e
ts of interest (whi
h we investigate based on the de-mand equation) are not 
ompletely absorbed by equilibrium pri
es. This isa non�trivial problem: as S
hlesinger (in Dionne (2000)) notes, "it is oftendi�
ult to determine what is meant by the pri
e and the quantity of insur-an
e. [...℄ the fundamental two building blo
ks of e
onomi
 theory have nodire
t 
ounterparts for insuran
e". In pra
ti
e we 
an usually only observeinsuran
e 
onsumption, the produ
t between equilibrium pri
e and quantity,jointly determined by the interplay of supply and demand. The 
hoi
e of apri
e variable, when available at all, is therefore far from being obvious. We
annot observe the amounts insured, therefore in
lusion of medium premiumrates, whi
h would probably be best, is ruled out. We resort therefore tothe loss ratio, as e.g. in Esho et al. (2001), observing that the role of this5Loss ratios are de�ned as the ratio of 
laims in
urred to premiums earned.64



index as a proxy for market riskiness 
ould lead to some ambiguity. Due tounavailability of data on losses for the non-life market as a whole, we in
ludethe aggregate loss ratio for the property se
tor only (Fire, Motor non-TPL,Other material loss).Lastly, given the importan
e of tied agents in the distribution of insuran
eprodu
ts (this 
hannel did a

ount in 2000 for 88.3 of non-life premium vol-ume)6, the number of agen
ies per 
apita has been in
luded as a supply-sidedriver, inversely related to the opportunity-
ost of sear
hing for insuran
e
overs.Our dataset 
onsists mainly of an ex
erpt for the years 1998-2000 from theGeo-Starter database provided by Istituto Taglia
arne, an institution insideSiStaN (the Italian national statisti
al system). It provides both �rst-handdata and an organized 
olle
tion of data from various institutional sour
es.Data on insuran
e premiums, in parti
ular, are 
olle
ted on a provin
ial basisby ISVAP, the Italian insuran
e Authority, divided into three 
ategories:life, 
ompulsory third party liability, the vast majority of whi
h regardingmotor vehi
les, and other non-life. While motor third party liability is ahomogeneous 
lass, both life and other non-life 
omprise very di�erent kindsof poli
ies.2.4.2 Measuring insuran
e 
onsumptionAs noted above, we are only able to observe the equilibrium value of insur-an
e 
onsumption, and neither the quantity nor the pri
e of insuran
e. Fur-thermore, measuring insuran
e 
onsumption a
ross administrative regions ofdi�erent e
onomi
 and demographi
 �size� requires resorting to some kind ofrelativization. Two 
ommon normalized measures are used in the literatureas well as among pra
titioners: insuran
e penetration, de�ned as the ratio ofinsuran
e premiums on GDP, measures the importan
e of the insuran
e se
-tor with respe
t to the total e
onomy; insuran
e density, de�ned as premiumsper 
apita, measures average per 
apita expenditure. We fo
us hen
eforthon premiums per 
apita. In the same fashion, all variables subje
t to a sizebias in the information set have been normalized with respe
t to the relevantben
hmark.2.4.3 Lo
ational issuesPremium data are registered a

ording to the lo
ation of sales point as 
om-muni
ated by the 
ompanies. Besides the inevitable aggregation bias due6In
luding motor TPL. 65



to the arbitrarinesses of administrative boundaries with respe
t to the ge-ographi
 dimension of e
onomi
 phenomena (see Anselin (1988)), some im-portant additional biases may arise if the lo
ation of sales point is di�erentfrom the a
tual lo
ation of the insured.First, mostly for big 
ontra
ts negotiated by brokers but also for somedistribution agreements, e.g., in ban
assuran
e, some big units, usually lo-
ated in an important industrial or �nan
ial 
enter, are a

ountable for allbusiness nationwide. This happens, for example, for marine insuran
e premi-ums 
olle
ted by business units lo
ated in the main harbours for 
ustomerslo
ated and doing business elsewhere, or for some nationwide salesmen net-work whose business goes through a single agen
y, typi
ally lo
ated at the
ompany headquarters.Se
ond, 
olle
tive poli
ies pur
hased by the �rms as a mandatory 
over oras a fringe bene�t for their employees, most typi
ally in the a

ident, healthand life 
lasses, are bound to one sales point lo
ation even if they are a
tuallyinsuring risks spread over a wider territory.2.4.4 Administrative boundaries in ItalyIn the following, we refer to the Italian administrative units 
alled provin
e,
orresponding to level 3 in the NUTS (Nomen
lature of Territorial Units forStatisti
s) 
lassi�
ation by Eurostat, using the generi
 name of regions, andto the 
lassi�
ation used by Istat, the Italian statisti
al o�
e, when speak-ing of ma
ro-regions. Ma
ro-regions divide the 20 NUTS2 Italian regions(regioni) into 5 aggregates: North-West, North-East, Centre, South and Is-lands.2.5 How to measure So
ial Capital?In the third se
tion we ta
kled one of the major problems pointed out byDurlauf and Faf
hamps (2004), whi
h is to give a sound e
onomi
 meaningto So
ial Capital. Now we have to address a se
ond 
ontroversial issue: areasonable empiri
al measure of this so
iologi
al 
on
ept.Our de�nition suggests a somewhat natural way to measure So
ial Capitale�e
t: as we stated in the previous se
tion, what matters is so
ial 
apitalendowment and 
losure of So
ial Networks. Sin
e we have provin
e leveldata, we want to measure the density and 
ohesiveness of so
ial networks
hara
terizing ea
h provin
e. We are not the �rst to try to measure 
losurewith this kind of data: Goldin and Katz (1998) based their empiri
al measureof So
ial Capital intensity dire
tly on Coleman's de�nition of 
losure. They66



have a dataset on s
hooling and some e
onomi
 variables on Iowa, USA in1915. The detail is at 
ounty level, 
omparable to Italian provin
es. Theirmeasure was the proportion of 
ounty population living in small towns. Their
laim was thatSmall town in Ameri
a was a lo
us of asso
iations (religious, fra-ternal/sororal, business, and politi
al organizations) that 
ouldhave played an important role in galvanizing support for the pro-vision of lo
al publi
ly provided goods [. . . ]. These asso
iations
[. . . ] provide another indi
ator of 
ommunity 
ohesion.As they did, we want to measure 
losure of so
ial networks with the di-mension and isolation of 
ommunities. Goldin and Katz's measure 
an berepli
ated for our data, but it's not su�
ient to identify isolated 
ommunities:in 1915 Iowa the overall population density was very low, therefore living ina small village meant at the same time living kilometers far away from othertowns. Nowadays Italy on the 
ontrary is 
hara
terized by a very high pop-ulation density. This means that living in a small town doesn't ne
essarilymean living in an isolated pla
e. An example is the Po valley in northernItaly: towns 
an be really small, below 1000 inhabitants, but they often hap-pen to be one beside another with no free land in the middle. This meansthat the per
entage of population living in small towns alone does not ne
es-sarily identify isolated 
ommunities. Therefore, our 
laim is that the degreeof 
losure of so
ial networks 
hara
terizing an Italian provin
e is identi�edby the per
entage of population living in towns with less than 1000 
itizens(pupop1000), but also by other three variables. The �rst two are the fra
-tion of provin
e's hill territory (per
sup.
) and the fra
tion of mountainousterritory (per
sup.m), whi
h should 
ontrol for `Po valley' e�e
t. The thirdvariable 
ontrols for a di�erent potential sour
e of 
ohesiveness: a provin
ewhere people are mainly involved in agri
ulture 
ould be expe
ted to be a
losed 
ommunity (in the Coleman sense), either for 
ultural reasons or for
ommon working interests. Su
h an e�e
t is 
aptured by the fra
tion of ter-ritory devoted to agri
ulture (per
sup.agr), whi
h in this 
ontext seems moremeaningful and 
oherent with our de�nition of so
ial 
apital than the pureGoldin and Katz measure. Those variables seems to be informative, i.e. theydo not simply follow a North�South gradient:pupop1000 Min. 1st Qu. Median Mean 3rd Qu. Max.North West 0.3158 0.5512 0.7080 0.6492 0.7805 0.8443North East 0 0.1183 0.4085 1.6490 2.0880 13.780Centre 0 0.4006 0.7385 1.6300 1.6120 14.430South 0 0 1.936 2.901 2.612 20.520Islands 0 0 0.2445 2.0190 1.9270 12.67067



per
sup.m Min. 1st Qu. Median Mean 3rd Qu. Max.North West 0 9.078 44.960 43.180 64.310 100North East 0 0 24.540 29.170 40.200 100Centre 0 7.080 31.680 31.020 42.480 85.320South 0 3.990 29.730 32.120 54.200 100Islands 0 0 11.100 16.860 30.680 66.300per
sup.
 Min. 1st Qu. Median Mean 3rd Qu. Max.North West 0 6.503 18.700 25.240 38.250 97.290North East 0 0 20.380 23.120 35.910 100Centre 0 47.310 65.500 60.580 74.140 100South 0 32.100 52.950 47.590 60.980 80.910Islands 33.700 53.520 65.200 64.610 73.880 86.970per
sup.agr Min. 1st Qu. Median Mean 3rd Qu. Max.North West 0.0684 0.1911 0.3766 0.4254 0.6884 0.9101North East 0.1173 0.4370 0.6626 0.5735 0.7328 0.8843Centre 0.1717 0.4133 0.5166 0.5035 0.6147 0.7603South 0.2202 0.5632 0.6638 0.6372 0.7545 0.9197Islands 0.3158 0.5512 0.7080 0.6492 0.7805 0.8443Figure 2.2: geographi
al distribution of pupop1000 and agri
ultural landpupop1000 per
sup.agr
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Figure 2.3: geographi
al distribution of mountainous and hill territoryper
sup.m per
sup.
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The network de�nition we use for So
ial Capital is a lo
al intera
tion
on
ept: the so
ial network is based on dire
t links among individuals andtherefore quite probably on geographi
 proximity.Moral hazard may well depend also on global intera
tion e�e
ts. Tobe spe
i�
, it may depend on a trust feeling towards others by individualnot ne
essarely indu
e by dire
t linking, but based on general experien
e,prejudi
e, 
ulture and so on. If global intera
tions have a role in explainingmoral hazard and therefore insuran
e demand, a measure of them must bein
luded among the regressors in order to have an unbiased estimate of lo
also
ial intera
tion e�e
ts, sin
e global and lo
al intera
tions are likely to be
orrelated. To measure global intera
tion, we follow Guiso et al. (2004) usingan index derived from a question in the "World Value Survey", run in Italyin 1999. The question asked was�Using the responses of this 
ard, 
ould you tell me how mu
hyou trust other Italians in general? (5) Trust them 
ompletely,(4) Trust them a little, (3) Neither trust them, nor distrust, (2)Do not trust them very mu
h, (1) Do not trust them at all�The answers to the "World Value Survey" are published aggregated atregional level. This 
ould generate a potential 
ollinearity problem with thema
ro�areas dummies, nevertheless Trust index values don't seem to followexa
tly a north�south gradient: 69



trust Min. 1st Qu. Median Mean 3rd Qu. Max.North West 3.172 3.313 3.313 3.316 3.371 3.371North East 3.132 3.22 3.352 3.302 3.386 3.398Centre 3.068 3.11 3.185 3.239 3.351 3.351South 3.029 3.091 3.244 3.201 3.247 3.625Islands 3.172 3.172 3.172 3.191 3.236 3.236Figure 2.4: geographi
al distribution of Trust

2.6 Model estimation and resultsOur dataset is a balan
ed panel: we have 103 observations (one for ea
hprovin
e) observed over three years, from 1998 to 2000. A pooled OLS islikely to be ine�
ient, sin
e the IID hypothesis on the error terms is usuallyinappropriate in panel data settings. On
e the longitudinal dimension ofthe dataset is taken into a

ount, su
h a hypothesis 
an be tested. If thepoolability test reje
ts, the 
hoi
e remains open between a �xed e�e
ts (FE)and a random e�e
ts (RE) spe
i�
ation. In our 
ase we are for
ed to 
hooseRE: FE estimators are based on within�group heterogeneity, i.e. they requireall the explanatory variables to vary within ea
h group (in our 
ase, withinea
h provin
e). Two of our key explanatory variables are based on the shapeof a provin
e's territory, whi
h is 
learly invariant. Even ex
luding these70



regressors, many other variables have a low variability a
ross years and withinea
h provin
e7, whi
h would redu
e the e�
ien
y of a FE estimator.2.6.1 The panel modelThe e
onometri
 model to be estimated in its most general form is the fol-lowing error 
omponents model:
yit = X itβ + νi + ǫit i = 1, . . . , 103; t = 0, . . . , 2 (2.7)where X, νi and ǫit are independent of ea
h other and both un
orrelatedwith the explanatory variables. yit is the log of non�life insuran
e premiumsper 
apita in provin
e i in year 1998 + t.De�ning ξit = νi + ǫit, the assumption that sho
ks are independent 
anbe rewritten as

Var(ξit) = σ2
ν + σ2

ǫ

Cov(ξit, ξis) = σ2
ν ∀t 6= s

Cov(ξit, ξjs) = 0 ∀t 6= s, i 6= jA test for the RE model against a pooled OLS is a test for
H0 : σ2

ν = 0
H1 : σ2

ν > 0Assuming normality of the errors, a parsimonious testing strategy 
anbe based on the Lagrange Multiplier prin
iple: the OLS model is estimatedand then maintained, while it is 
ompared to the more general alternativein a maximum likelihood framework. Test statisti
s are based on the OLSresiduals without need to estimate the panel model. Baltagi (1995) reportsthe original LM test derived by Breus
h and Pagan together with some re-�nements. We run the King and Wu modi�
ation, whi
h is distributed asa standard normal8. The result of the test is 0.8895, with p�value equal to
0.1869, thus not providing any eviden
e in favor of the random e�e
ts model.Relaxing the assumption of �well behaved� residuals (see (2.9) and (2.10)below), another test for the RE hypothesis feasible in short panels is given inWooldridge (2002). This is based on estimation of σν

2 from the upper triangleof the N empiri
alΩ blo
ks given by the outer produ
t of the residuals ve
tors7See the summary table in the appendix.8This is a lo
ally mean most powerful re�nement of the usual Breus
h�Pagan χ2 test.Breus
h and Pagan test H0 : σ2

ν = 0 against H1 : σ2

ν 6= 0, thus reje
ting for σ2

ν < 0,whi
h should be ex
luded by the model restri
tions. The original Breus
h and Pagan teststrongly reje
ts the null. 71



ṽi = (ṽi1, . . . , ṽiT ). The result of the test is 5.4713, with p�value smaller than
10−7, this time favoring the random e�e
ts model. As RE estimators remain
onsistent under the OLS spe
i�
ation, we pro
eed estimating an RE model.2.6.2 The random e�e
ts modelUnder the RE spe
i�
ation, homoskedasti
ity in both νi and ǫit and no serial
orrelation in ǫit, the varian
e-
ovarian
e matrix of the errors be
omes

V = σν
2(IN ⊗ iT i′T ) + σǫ

2(IN ⊗ IT ) (2.8)where IN is the N × N identity matrix and iN is a N × 1 ve
tor of 1.Therefore, V is blo
k-diagonal with
V = IN ⊗ Ω (2.9)where

Ω =











σ2
ǫ + σ2

ν σ2
ν . . . σ2

ν

σ2
ν σ2

ǫ + σ2
ν . . .

...
. . .

. . . σ2
ν

σ2
ν σ2

ǫ + σ2
ν











(2.10)Observations regarding the same provin
e share the same νi e�e
t, thusthe relative errors are auto
orrelated, with Corr(visvit) = σ2
ν

(σ2
ǫ +σ2

ν)
. Ordinaryleast squares estimates for β in model (2.7) are therefore ine�
ient, though
onsistent. Generalized least squares (GLS) are the e�
ient solution if Ω isknown. Various feasible GLS pro
edures exist drawing on 
onsistent estima-tors of Ω.The standard approa
h to RE panels is to assume both (2.9) and (2.10).In �large N� panels a less restri
tive approa
h is possible, termed generalFGLS estimator (GGLS) Wooldridge (2002), whi
h allows for arbitrary intra-group heteroskedasti
ity and serial 
orrelation of errors, i.e. inside the Ω
ovarian
e blo
ks, provided that these remain the same for every individual.For the sake of robustness, we try out both estimators. Results are mu
halike; GGLS are reported in the appendix.2.7 Spatial stru
tureAs observed while des
ribing insuran
e data, there are good reasons to thinkthat non�life insuran
e a
tivity may not follow provin
ial administrativeboundaries. For example, the latter may overlap with operational areas of72



the sales for
e, or there may be any other kind of 
ross-border pur
hase. Asin many other studies about the spatial distribution of an e
onomi
 phe-nomenon, this problem 
annot be negle
ted. In parti
ular, Millo and Lenzi(2005) found eviden
e of spatial 
orrelation for several spe
i�
ations of re-gressions of insuran
e on a set of demographi
s, based on the very samedataset.In e
onometri
 appli
ations, proximity between data points in spa
e isusually 
hara
terized by means of a proximity matrix, say, W , 
ontaining ameasure of proximity for every pair of data points and, by 
onvention, settingthe diagonal to zero. Hen
e a spatial lag operator is de�ned su
h that Wy,the spatial lag of y, stands for �the values of y at neighboring lo
ations�9.Anselin (1988) warns about the relevant 
onsequen
es on estimation (and,to a lesser extent, on testing) of the 
hoi
e of W . Here we resorted to aproximity matrix where ea
h entry wij is the inverse of 
oordinates' distan
ebetween provin
e i and j, with a 
ut�o� point at 250km (i.e., any wij < 1/250is set equal to 0). This has been row-standardized, so that the spatial lag of
y, Wy, is simply the weighted average of values of y at neighboring lo
ations.The two standard spe
i�
ations for spatial e�e
ts in regression modelsare the spatial lag (SAR) model:

y = ρWy + Xβ + ǫ (2.11)and the spatial error (SEM) model:
y = Xβ + e
e = λWe + ǫ

(2.12)The 
onsequen
es on estimation of omitting the lagged dependent variableare in
onsisten
y and biasness of parameter estimates. Negle
ting a spatialerror stru
ture has less serious 
onsequen
es: estimates, while still 
onsistent,are ine�
ient. Therefore, we 
on
entrated our analysis on a SAR extensionof our panel random e�e
ts model. Following Elhorst (2001), sta
king thedata as one 
ross se
tion for every point in time and assuming ǫ ∼ IID, thepanel RE version of (2.11) be
omes
y = ρ(IT ⊗ W )y + Xβ + (iT ⊗ ν) + ǫwhere the varian
e 
ovarian
e matrix of (iT ⊗ ν) + ǫ is a blo
k matrixwhere ea
h blo
k 
orresponds to a point in time t and has the same stru
tureas V de�ned in the previous se
tion. Results are reported in Table 1.9See Anselin (1988), Ch.3, for a 
lassi
 treatment.73



Table 2.1: panel RE spatial autoregressive model estimates
oef se z pzlog(Ydpro
) 1.1881 0.1726 6.8852 0.0000log(dep/pop) 0.0780 0.0482 1.6186 0.1055I(pop25.54/popover60) 0.2101 0.1225 1.7148 0.0864I(va/1000) 0.0033 0.0013 2.5465 0.0109u −0.0006 0.0018 −0.3628 0.7168qexport 0.0517 0.0818 0.6311 0.5279I(va.serv/va) 0.3525 0.4452 0.7917 0.4285I(va.indutot/va) 0.4285 0.4462 0.9604 0.3368I(den/1000) 0.1037 0.0568 1.8264 0.0678num
ompfam 0.0335 0.1082 0.3098 0.7567lrpro 0.0157 0.0212 0.7379 0.4606log(ag/pop) 0.1238 0.0500 2.4743 0.0134inef −0.0509 0.0129 −3.9396 0.0001dum98 −0.0718 0.0116 −6.2073 0.0000dum99 −0.0226 0.0091 −2.4876 0.0129NO 0.0534 0.0601 0.8889 0.3741NE 0.0917 0.0539 1.7009 0.0890SU −0.2414 0.0606 −3.9818 0.0001IS −0.2606 0.0711 −3.6650 0.0002trust 0.4787 0.1397 3.4257 0.0006pupop1000 0.1165 0.0371 3.1360 0.0017per
sup.m 0.0027 0.0012 2.2276 0.0259per
sup.
 0.0009 0.0009 1.0260 0.3049per
sup.agr 0.0727 0.1469 0.4950 0.6206pupop1000:per
sup.m −0.0012 0.0003 −3.5274 0.0004pupop1000:per
sup.
 −0.0005 0.0001 −3.2824 0.0010pupop1000:per
sup.agr −0.0909 0.0398 −2.2827 0.0224rho 0.0908 0.0293 3.0979 0.0019
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So
ial Capital e�e
ts are not 
ompletely absorbed by equilibrium pri
es:supply side proxies (in parti
ular log(ag/pop)) do have a positive e�e
t butthree out of four So
ial Capital proxies have positive and signi�
ant 
oef-�
ients' estimates. Trust is positive and signi�
ant as well, 
on�rming therole of global intera
tions. About spatial stru
ture, as we expe
ted non�lifeinsuran
e demand exhibits spatial 
orrelation: ρ is positive and signi�
ant.Signi�
an
e of the intera
tion parameters suggests for a non�linear depen-den
e on our So
ial Capital proxies. Therefore we 
omputed marginal e�e
tsfor So
ial Capital variables.10.e�.marg. se t-ratio p-valuepupop1000 0.0086 0.0041 2.0802 0.0384per
sup.m −0.0010 0.0010 −1.0164 0.3103per
sup.
 −0.0007 0.0007 −0.9369 0.3496per
sup.agr −0.2181 0.1227 −1.7766 0.0767Marginal e�e
t of pupop1000, whi
h was the only one intera
ted with allthe other So
ial Capital variables, is positive and signi�
ant, even if redu
edin magnitude. Given these results, we investigated the relation betweenSo
ial Capital and spatial 
orrelation in the dependent variable.2.7.1 So
ial Capital and spatial e�e
tsAs for non�life insuran
e demand, So
ial Capital may not follow administra-tive boundaries and may exhibit a spatial stru
ture. A �rst eviden
e in thisdire
tion 
omes from the moran plots of non�life insuran
e and the so
ial
apital variables we 
hose (see �gure 5).Moran's I statisti
 is a spatial 
orrelation measure. In this 
ase the prox-imity matrix is a row�standardized di
hotomi
 matrix: Moran's I statisti
thus boils down to the regression 
oe�
ient of the variable of interest overits spatial lag (see Anselin (1988)). The Moran plot is the relative s
atterplot, where on the x�axis there is the variable of interest and on the y�axisits spatial lag. The straight line is the OLS estimated one. Therefore graphsshow that both the variable of interest (pp
d, whi
h are log premium per
apita) and the so
ial 
apital variables exhibit spatial 
orrelation. Moran'sI statisti
s gives the same indi
ation if a distan
e�based W is used. Whatwe expe
ted than is that sin
e the empiri
al impli
ation of our model is a
ausal relation between So
ial Capital and insuran
e demand, su
h a 
ausal-ity should re�e
t in the spatial stru
ture as well.10Marginal e�e
ts are 
omputed over the mean of the relevant variable.75



Figure 2.5: Moran plotspp
d pupop1000
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To test it, we repeated the panel SAR estimation for a model whi
h do notin
lude So
ial Capital variables, and 
ompared the magnitude of the spatial
orrelation 
oe�
ient: 
oef se z�stat p�value
ρ w/o So
. Cap 0.1730 0.0314 5.5138 < 10−4

ρ with So
. Cap 0.0908 0.0293 3.0979 0.0019Results of these tests are in line with the 
ausal relation implied by themodel: a panel model without so
ial intera
tions e�e
ts exhibits a signi�-
ant Spatial auto
orrelation stru
ture (ρ 6= 0). Augmenting the model withso
ial 
apital variables almost halves the spatial 
orrelation 
oe�
ient, mean-ing that So
ial Capital has a positive marginal e�e
t on non�life insuran
edemand, and its spatial stru
ture a

ounts for a large part of insuran
e de-mand's spatial stru
ture.2.7.2 Robustness 
he
ksAnselin (1988) points out the possible bias introdu
ed by a wrong 
hoi
e ofthe proximity matrix W . We performed a robustness 
he
k employing one bi-nary 
ontiguity matrix11 and two di�erent distan
e-based matri
es: the �rstbased on the inverse of road travelling distan
e, the se
ond on the inverse ofthe eu
lidean distan
e between the geographi
 
oordinates of 
apital 
itiesin ea
h provin
e. The results of the two alternative distan
e-based spe
i�-
ations are mu
h alike given the same 
ut�o� point, as they are 
hoosingdi�erent 
ut�o� points:On
e the model is estimated with the 0/1 matrix there is no eviden
eof spatial dependen
e regardless of the presen
e or not of the So
ial Capitalvariables12. Nevertheless given the problem at hand su
h a proximity matrixseems to us less reasonable than a distan
e based one: provin
es' extensionsvaries a lot, and so do travelling 
osts and So
ial Capital: a 0/1 matrix donot a

ounts for su
h an heterogeneity.A SAR model gives 
onsistent estimates, but if there is unexplained spa-tial 
orrelation in the error term these estimates may not be e�
ient. Toa

ount for that we would need a sort of spatial ARMA model, a

ountingboth for the autoregressive spatial 
omponent and the spatial error one. Inour 
ase we would need a panel version of su
h a model, whi
h is still anopen issue in the spatial e
onometri
 literature. Therefore, as a �rst test11A binary 
ontiguity matrix is a 0/1 matrix where wij = 1 if i and j share a 
ommonboundary, 0 otherwise.12results are not reported but are available upon request77



Table 2.2: ρ 
oe�
ient by 
uto� pointKM 
oef se z pz50 0.0657 0.0201 3.2670 0.001175 0.0903 0.0205 4.3981 0.0000100 0.1036 0.0214 4.8310 0.0000125 0.1128 0.0224 5.0254 0.0000150 0.1194 0.0233 5.1199 0.0000175 0.1286 0.0246 5.2193 0.0000200 0.1112 0.0262 4.2418 0.0000225 0.0937 0.0278 3.3760 0.0007250 0.0908 0.0293 3.0979 0.0019we estimated a panel SEM (spatial error model) without the autoregressive
omponent. Elhorst (2001) suggests the following spe
i�
ation:
y = Xβ + (iT ⊗ µ) + e

e = λ(IT ⊗ W )e + ǫWe report estimates of λ with proximity matri
es with di�erent 
ut�o�s:Table 2.3: λ 
oe�
ient by 
uto� pointKM 
oef se z pz50 −0.1966 0.1323 −1.4858 0.137375 −0.2188 0.1682 −1.3011 0.1932100 −0.2907 0.2198 −1.3224 0.1860125 −0.3650 0.2637 −1.3842 0.1663150 −0.4398 0.2936 −1.4982 0.1341175 −0.4626 0.3172 −1.4584 0.1447200 −0.4956 0.3403 −1.4563 0.1453225 −0.5312 0.3545 −1.4982 0.1341250 −0.5358 0.3690 −1.4520 0.1465
λ is never signi�
ant, thous providing eviden
e in favour of e�
ien
y ofthe SAR spe
i�
ation we 
hose.
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2.8 Con
lusionsWe started from Arnott and Stiglitz model on the 
o�existen
e of marketedand non�marketed insuran
e 
ontra
ts, 
on
entrating on impli
ations on thedemand fun
tion. We extended tghe model to allow for So
ial Capital as apotential explanatory variable. We 
hose a network approa
h: non�marketagreement are des
ribed as strategi
 de
isions of agents playing a prisoners'dilemma type of game with their neighbors. Ea
h of them adopt a triggerstrategy to punish neighbors deviating from the 
ooperative equilibrium inany game they are involved. Su
h a behavior lead to a Pairwise Stable Equi-librium whi
h is more likely the higher the level of So
ial Capital embeddedin the So
ial Network. Here 
omes the �rst 
ontribution of our paper: thenetwork approa
h we 
hose provide us with a formal de�nition of So
ial Cap-ital, whi
h is 
ru
ial to obtain a 
lear testable model. The empiri
al partis 
arried out on a provin
e�level Italian dataset provided by Istituto Tagli-a
arne. We 
arefully built 4 proxies for So
ial Capital and 
ontrolled forglobal intera
tions e�e
t. We estimated a Spatial autoregressive RE panelmodel, and our testable impli
ation, whi
h was of a positive marginal e�e
tfor So
ial Capital on demand for market non�life insuran
e, is 
on�rmed.Further on, we are able to explain a large part of the spatial 
orrelationfound by Lenzi and Millo on the very same dataset by means of the spatialstru
ture of our new explanatory variables.

79



AppendixA Proof of proposition 1The normalized payo� fun
tions in 
ase i 
ooperates with j is
πi(s

g
C) =

∑

k∈Ni

{

(1 − η)
∞
∑

τ=0

ητEUNMO
ij

}

=
∑

k∈Ni

EUNMO
ijwhile if i deviates her anti
ipated payo� is

πi(s
g
D) = (1 − η)EUH

ij +
∑

k∈Ni/{j}











di(j,k)−1
∑

s=0

(1 − η)δsEUNMO
ik



+ (1 − η)δdi(j,k)EUL
ik







= (1 − η)EUH
ij +

∑

k∈Ni/{j}

{





di(j,k)−1
∑

s=0

(1 − η)ηsEUNMO
ik



+ (1 − η)ηdi(j,k)EUNMO
ik

− (1 − η)ηdi(j,k)νik

}

= (1 − η)EUH
ij +

∑

k∈Ni/{j}

{(

1 − ηdi(j,k)+1
)

EUNMO
ik − (1 − η)ηdi(j,k)νik

}Therefore, the stability 
ondition
πi(s

g
C) ≥ πi(s

g
D)Can be rewritten as

∑

k∈Ni

EUNMO
ij ≥ (1−η)EUH

ij +
∑

k∈Ni/{j}

{(

1 − ηdi(j,k)+1
)

EUNMO
ik − (1 − η)δdi(j,k)νik

}

EUNMO
ij +

∑

k∈Ni/{j}

(

1 − 1 + ηdi(j,k)+1
)

EUNMO
ik ≥ (1−η)



EUH
ij −

∑

k∈Ni/{j}

ηdi(j,k)νik





EUNMO
ij +

∑

k∈Ni/{j}

{

ηdi(j,k)+1EUNMO
ik + (1 − η)δdi(j,k)νik

}

≥ (1 − η)EUH
ij

EUNMO
ij +

∑

k∈Ni/{j}

ηdi(j,k)
[

ηEUNMO
ik + (1 − η)νik

]

≥ (1 − η)EUH
ij (2.13)Whi
h is in the form of proposition 1.80



A Variables' des
ription and des
riptive statisti
sYdpro
 disposable in
ome per 
apitapop25.54/popover60 ratio of people aged 25-54 to people aged over 60inef indi
ator of juridi
al system ine�
ien
y: average duration of 
ivil trialsden/1000 population density, inh. per sq. Km (s
aled by a fa
tor of 1000)va.indutot/va share of industry on value addedva.serv/va share of servi
es on value addedu unemployment rateqexport share of export on total value addednum
ompfam average number of family memberslrpro loss ratio of the property se
tortrust trust indi
ator as de�ned by the World Values Survey (see above)pupop500 share of population living in towns with less than 500 inhabitantsper
sup.m share of mountainous territoryper
sup.
 share of hill territoryper
sup.agr share of the land devoted to agri
ulturedep/pop bank deposits per 
apitava/1000 total value added (s
aled by a fa
tor of 1000)ag/pop ratio of number of agen
ies over provin
e's populationA table with some des
riptive statisti
s follows.
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Min. 1st Qu. Median Mean 3rd Qu. Max.log(Ydpro
) 9.00 9.27 9.54 9.47 9.63 9.84I(pop25.54/popover60) 0.74 0.90 1.02 1.04 1.16 1.58inef 1.44 2.74 3.47 3.79 4.59 8.32I(den/1000) 0.04 0.10 0.17 0.24 0.26 2.66I(va.indutot/va) 0.11 0.21 0.28 0.28 0.33 0.46I(va.serv/va) 0.52 0.63 0.68 0.68 0.74 0.85u 1.71 5.01 7.55 10.90 16.14 33.16qexport 0.01 0.09 0.20 0.20 0.30 0.63num
ompfam 2.05 2.46 2.61 2.62 2.78 3.15trust 3.03 3.17 3.25 3.26 3.35 3.63pupop1000 0.00 0.30 1.38 3.20 3.28 20.52per
sup.m 0.00 0.00 30.68 31.92 52.43 100.00per
sup.
 0.00 17.25 42.40 41.95 63.14 100.00log(dep/pop) 1.35 1.78 2.20 2.11 2.38 3.09I(va/1000) 1.27 4.21 6.22 10.04 10.18 112.10lrpro 0.25 0.43 0.49 0.52 0.59 1.82per
sup.agr 0.07 0.38 0.59 0.55 0.73 0.92log(ag/pop) −8.98 −8.01 −7.73 −7.83 −7.62 −7.32pupop1000:per
sup.m 0.00 0.00 28.90 158.40 121.10 1666.00pupop1000:per
sup.
 0.00 0.00 35.85 107.50 104.00 1949.00pupop1000:per
sup.agr 0.00 0.18 0.56 1.41 1.53 15.07
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C Full estimation resultsC.1 Random E�e
ts panel estimation results without spatial 
or-re
tion 
oef se t pt(Inter
ept) −7.232032 1.720103 −4.204418 0.000035log(Ydpro
) 1.156512 0.165342 6.994670 0.000000I(pop25.54/popover60) 0.268546 0.119293 2.251143 0.025149inef −0.051496 0.011580 −4.447068 0.000013NO 0.045594 0.055319 0.824209 0.410520NE 0.084450 0.049043 1.721975 0.086174SU −0.255475 0.054661 −4.673777 0.000005IS −0.288996 0.064639 −4.470903 0.000011dum98 −0.094306 0.012889 −7.316894 0.000000dum99 −0.036897 0.009717 −3.797031 0.000179I(den/1000) 0.102903 0.051126 2.012731 0.045097I(va.indutot/va) 0.405786 0.442339 0.917366 0.359738I(va.serv/va) 0.368092 0.434076 0.847990 0.397165u −0.000067 0.001900 −0.035110 0.972017qexport 0.022075 0.092149 0.239558 0.810848num
ompfam 0.016147 0.109742 0.147132 0.883133trust 0.510440 0.125794 4.057747 0.000064pupop1000 0.134755 0.033928 3.971815 0.000091per
sup.m 0.002976 0.001112 2.676534 0.007876per
sup.
 0.000725 0.000772 0.938466 0.348811log(dep/pop) 0.167496 0.051477 3.253771 0.001278I(va/1000) 0.002882 0.001207 2.386959 0.017650lrpro 0.014176 0.023118 0.613210 0.540234per
sup.agr 0.117385 0.134327 0.873875 0.382933log(ag/pop) 0.167453 0.054103 3.095078 0.002166pupop1000:per
sup.m −0.001326 0.000303 −4.377530 0.000017pupop1000:per
sup.
 −0.000477 0.000135 −3.522188 0.000499pupop1000:per
sup.agr −0.114299 0.036413 −3.138982 0.001876
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C.2 Spatial lag model (SAR) without So
ial Capital variables
oef se z pzlog(Ydpro
) 1.2750 0.1751 7.2838 0.0000log(dep/pop) 0.0791 0.0487 1.6237 0.1044I(pop25.54/popover60) 0.1969 0.1209 1.6281 0.1035I(va/1000) 0.0027 0.0013 2.0554 0.0398u −0.0003 0.0018 −0.1422 0.8870qexport 0.0869 0.0830 1.0465 0.2953I(va.serv/va) 0.3667 0.4342 0.8446 0.3983I(va.indutot/va) 0.5049 0.4444 1.1360 0.2560I(den/1000) 0.0727 0.0550 1.3227 0.1859num
ompfam 0.0522 0.1065 0.4899 0.6242lrpro 0.0138 0.0213 0.6492 0.5162log(ag/pop) 0.1299 0.0507 2.5615 0.0104inef −0.0392 0.0134 −2.9309 0.0034dum98 −0.0657 0.0118 −5.5488 0.0000dum99 −0.0178 0.0093 −1.9169 0.0553NO 0.1239 0.0503 2.4616 0.0138NE 0.0723 0.0486 1.4888 0.1365SU −0.2233 0.0636 −3.5088 0.0004IS −0.1792 0.0732 −2.4485 0.0143trust 0.2481 0.1337 1.8555 0.0635rho 0.1730 0.0314 5.5138 0.0000
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C.3 Spatial error model (SEM) with So
ial Capital variables
oef se z pzlog(Ydpro
) 1.2240 0.1722 7.1073 0.0000log(dep/pop) 0.0738 0.0461 1.5992 0.1098I(pop25.54/popover60) 0.2046 0.1210 1.6905 0.0909I(va/1000) 0.0032 0.0013 2.4845 0.0130u −0.0013 0.0018 −0.7136 0.4755qexport 0.0426 0.0817 0.5216 0.6020I(va.serv/va) 0.3719 0.4409 0.8435 0.3989I(va.indutot/va) 0.4555 0.4431 1.0281 0.3039I(den/1000) 0.1033 0.0572 1.8073 0.0707num
ompfam 0.0542 0.1068 0.5074 0.6119lrpro 0.0131 0.0206 0.6343 0.5259log(ag/pop) 0.1223 0.0468 2.6144 0.0089inef −0.0527 0.0130 −4.0540 0.0001dum98 −0.0778 0.0106 −7.3466 0.0000dum99 −0.0250 0.0080 −3.1192 0.0018NO 0.0691 0.0601 1.1498 0.2502NE 0.1031 0.0540 1.9105 0.0561SU −0.2682 0.0609 −4.4028 0.0000IS −0.2868 0.0716 −4.0067 0.0001trust 0.5257 0.1406 3.7396 0.0002pupop1000 0.1216 0.0374 3.2511 0.0011per
sup.m 0.0027 0.0012 2.1617 0.0306per
sup.
 0.0008 0.0009 0.9142 0.3606per
sup.agr 0.0476 0.1474 0.3227 0.7469pupop1000:per
sup.m −0.0012 0.0003 −3.6655 0.0002pupop1000:per
sup.
 −0.0005 0.0002 −3.3669 0.0008pupop1000:per
sup.agr −0.0949 0.0401 −2.3684 0.0179lambda −0.5358 0.3690 −1.4520 0.1465
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C.4 Spatial error model (SEM) without So
ial Capital variables
oef se z pzlog(Ydpro
) 1.3459 0.1757 7.6594 0.0000log(dep/pop) 0.0787 0.0469 1.6793 0.0931I(pop25.54/popover60) 0.2073 0.1205 1.7208 0.0853I(va/1000) 0.0024 0.0013 1.7754 0.0758u −0.0010 0.0018 −0.5502 0.5822qexport 0.0826 0.0832 0.9929 0.3208I(va.serv/va) 0.4062 0.4320 0.9403 0.3470I(va.indutot/va) 0.5533 0.4435 1.2475 0.2122I(den/1000) 0.0758 0.0558 1.3570 0.1748num
ompfam 0.0765 0.1059 0.7221 0.4702lrpro 0.0116 0.0208 0.5577 0.5771log(ag/pop) 0.1391 0.0477 2.9190 0.0035inef −0.0420 0.0136 −3.0877 0.0020dum98 −0.0792 0.0109 −7.2395 0.0000dum99 −0.0238 0.0083 −2.8802 0.0040NO 0.1650 0.0508 3.2510 0.0011NE 0.0946 0.0491 1.9265 0.0540SU −0.2769 0.0645 −4.2929 0.0000IS −0.2276 0.0743 −3.0635 0.0022trust 0.3258 0.1357 2.4011 0.0163lambda −0.5162 0.3665 −1.4086 0.1589
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Chapter 3So
ial intera
tion e�e
ts in aninter�generational model ofinformal 
are givingwith Lisa Callegaro∗
∗ Università Ca' Fos
ari di VeneziaThe present 
hapter shows the results a
hieved and the dis
ussions jointly had by my
oauthor and me, but the �nal form as a 
hapter is due to me alone for the purpose ofthis thesis. This means that I am the only responsible for every linguisti
 or mathemati
alerror and impre
ision.abstra
tWe study jointly the health per
eption of the elderly and the 
are givingde
ision of their adult 
hildren. So
ial intera
tions play a 
ru
ial role: elderparents' health per
eption depends on relations with household members. Onthe other hand adult 
hildren make their 
are giving de
isions strategi
ally,meaning that ea
h of them 
onsiders his siblings' de
ision. We �nd empiri
aleviden
e whi
h support this 
laim using the 2004 wave of the SHARE survey.We estimate so
ial intera
tion e�e
ts by means of methods taken from thespatial e
onometri
 literature. Health per
eption relation with 
are givingdepends on the determinants of adult 
hildren's de
ision to 
are: Parents'health may be modelled as a 
ommon good for parents and 
hildren; the lat-ter's de
ision may be driven by bequest motives or by pure altruism and/or87




ultural values. We test impli
ations of the model thanks to the unique fea-tures of the SHARE dataset: it is trans�national, allowing to 
ontrol for 
ul-tural and institutional di�eren
es, it 
ontains information on health status ofover�50 Europeans and details on their so
ial and intergenerational relations.3.1 Introdu
tionAging is one of the main 
on
erns in most European Countries. While thispro
ess is the result of s
ienti�
 development and improved e
onomi
 living
onditions, it rises several poli
y issues. First of all, pension systems areunder revision in many 
ountries, in order to be sustainable in so
ieties witha shrinking labor for
e 
ompared to an expanding number of retired people.Health 
are, and in parti
ular long term 
are systems must adapt to this
hanging so
iety as well. This is the fo
us of our paper: we are interested inthe relation between formal and informal 
are, and in the strategi
 behav-ior of 
are�givers and 
are�re
eivers. This is a relevant topi
 from a poli
yperspe
tive: institutions 
an 
hange the 
ost and availability of formal 
are.Nevertheless the overall impa
t of di�erent settings depend on the relationbetween formal and informal 
are provision. As an example: redu
ing the
ost for formal 
are may redu
e or in
rease the supply of informal one, de-pending on whether those servi
es are substitutes or 
omplements. Further,
aring is a time�
onsuming a
tivity whi
h is not ne
essarily 
ompatible witha full time o

upation, thus time devoted to informal 
are and labor for
eparti
ipation are negatively related. we will formalize all these relations in agame�theoreti
 setting. In a nutshell: the amount of 
are provided by non
o�residing siblings 
an be thought of as the equilibrium output betweenthe supply and the demand for informal 
are in the `family market'. Thisis not new in the literature, and su
h an output has been obtained froma bargaining pro
ess (Pezzin and Steinberg S
hone (1999)). We will followan alternative approa
h based on a non�
ooperative game among altruisti
players. Our aim is to study both sides of the market, devoting a parti
ularattention to intera
tions among family members. Care supply has alreadybeen studied as an endogenous 
hoi
e on the labor de
isions of siblings, inparti
ular to explain gender di�eren
es in labor market parti
ipation andwages (Ettner (1995), Ettner (1996), Wolf and Soldo (1994), Crespo (2007)).Usually the fo
us is not on 
are giving 
hoi
es, whi
h at most are 
onsideredas endogenous fa
tors in the labor market de
ision. In the present paper weturn our attention to the 
are giving 
hoi
e itself, 
ontrolling for endogenouslabor supply. Su
h an approa
h allows us to 
on
entrate on the strategi
 in-88



tera
tion among siblings: the 
hoi
e to allo
ate hours to parent's 
are depend
ru
ially on the same 
hoi
e done by brothers and sisters.Demand for health 
are depends on the health status of the elders. Astru
tural model of the demand side is beyond the s
ope of the paper. Healthstatus 
an be thought as the output of an a

umulation pro
ess (Grossman(1972)). In su
h a setting, demand for informal 
are as well as for publi
lyprovided health 
are servi
es 
an be though of as an input in the health
apital produ
tion fun
tion. Anyway, we are fo
using on people older than50: at that age, the a

umulation pro
ess 
an be 
onsidered as �nished:even if healthy behavior, su
h as not smoking or a proper diet still improveobje
tive health, important inputs in the health a

umulation fun
tion asin
ome, edu
ation, living arrangement depend on 
hoi
es that 
an safely beassumed to be predetermined. Our fo
us then turns to a subje
tive measureof health, whi
h is self reported per
eived health.Measuring per
eived health is not the same as measuring obje
tive health(see Jurges (2005) for a detailed dis
ussion on health measures in SHARE).The self�per
eption of health status entails obje
tive health 
onditions, butalso individual preferen
e or general attitude, so
ial and family network de-terminants and 
ultural di�eren
es (Reher (1998); Silverstein and Bengtson(1997), Collins (2004)). Then, we 
laim that self reported health is a measureof well�being, not only a measure of physi
al health 
orre
ted by individualand so
iologi
al 
ountry di�eren
es. This is 
oherent with the World HealthOrganization1 de�nition of health:
[. . . ] a state of 
omplete physi
al, mental and so
ial well�beingand not merely the absen
e of disease or in�rmityThe paper is stru
tured as follows: the next se
tion outlines the e
onomi
model; the third one des
ribes the SHARE dataset. Next we move to thee
onometri
 spe
i�
ation and estimation pro
edure. Fifth se
tion reportsand 
omments on the results, 
on
lusions are drawn in the last se
tion.3.2 The E
onomi
 modelWe model the 
aring de
ision as a one�shot non 
ooperative game amongparents, P1, P2, and their 
hildren, S1, S2, . . . , Sn. Children 
hoose how mu
htime to spend 
aring for their parents, I1, . . . , In and how mu
h to spend inleisure, L1, . . . , LS. Parents 
an 
hoose how mu
h of their in
ome to buyformal 
are hours, F , but they 
an also transfer (or 
ommit to transfer inthe1Constitution of the World Health Organization, Geneva 194689



future) an amount of money to their 
hildren as a bequest, B. Furtheron, they 
an 
hoose how to split su
h a bequest amongst their 
hildren: βstands for the sharing rule applied by parents. Following Sloan et al. (1997),we 
hose not to model 
aring de
isions as a 
ooperative game sin
e in su
ha model players should fa
e an in�nite number of periods. We think thisassumption is unrealisti
: parent's death is an event that 
an't be negle
tedin 
aring 
hoi
es.Children's help is provided to parents' households, thus as a startingpoint we assume there is a single parent. We will dis
uss in the followingse
tion what de
ision rules among parents are 
onsistent with our model andthe relevan
e of the single parent assumption. Children are all equal andhave the same strategies, thus we 
an assume without loss of generality thereare just two of them. Again, we will dis
uss at lenght impli
ations of thissimplifying assumption.Parent and sons are altruisti
: 
hildren are worried about their parents'health, while P utility depend on 
hildren's utility derived from 
onsumption.Formally, P, S1, S2 fa
e the following maximization problems:
P 's problem:
maxF,B,β

{

UQ(Q) + U I(I1) + V C(C1) + U I(I2) + V C(C2)
}s.t. Q = F + I1 + I2

pF F + B ≤ Y P

(3.1)Where pF is the market pri
e for formal 
are, Ci is ith son's 
onsumptionand Y P is in
ome. We model the de
ision pro
ess as a one�shot game, thusthere are no savings and 
urrent and permanent in
ome 
oin
ide. Parent'sutility fun
tion is assumed to depend only on 
are and not on other goods'
onsumption. This is equivalent to assume separability of 
are from all otheravailable goods in P 's utility.
Si problem: max

Ii,Li

{

UQ(Q) + V C(Ci)
}

s.t. Q = F + Ii + I−i

Y i + Bi(β) = Ci

Y i = ω(T − Li − Ii)
Li + Ii ≤ T
Li ≥ 0
Ii ≥ 0

(3.2)
ω is market wage and T is total available time. Su
h a model is similar toBernheim et al. (1985) (assuming additively separable utility fun
tions) and90



to Sloan et al. (1997) (assuming no in
ome sharing and no 
ooperation withinthe family), but it 
onsiders as endogenous the labor for
e parti
ipation de
i-sion. The total amount of 
are, Q, is a publi
 good (partly) produ
ed withinthe family. Child i's utility is 
on
ave, �rst in
reasing and then de
reasingin Ii. UP has the same shape, but it depends also on the additional terms
U I(Ii): these term allows us to formalize the idea that P atta
hes a highera value to informal 
are per se, while Si is indi�erent on the type of 
arehis parent re
eives as long as the amount Q is provided. Formally, theseassumptions 
an be expressed in terms of utility's �rst derivatives:

∂UQ

∂Q
> 0;

∂U I

∂I
> 0;

∂V C

∂C
> 0the shape of US and UP together with positiveness of �rst derivativesimplies that argmaxIi

UP > argmaxIi
US (3.3)

US depends on F only through the publi
 good UQ. Then,
∂US

∂F
=

∂US

∂UQ
·
∂UQ

∂Q
·
∂Q

∂F
=

∂UQ

∂Q
> 0Whi
h implies that S utility fun
tion is always in
reasing in parent's
hoi
e variable F : if P do not 
ommit to transfer any bequest B, 
hildrena
tually 
hoose IS independently of their parent's 
hoi
e of F . Thus withoutbequest ith 
hild's maximization problem 
an be rewritten as

Si problem: max
Ii,Li,Ci

{

UQ(Q) + V C(Ci)
}

s.t. Q = F + Ii + I−i

Ci = Y i = ω(T − Li − Ii)
Li + Ii ≤ T
Li ≥ 0
Ii ≥ 0

(3.4)
Absen
e of a bequest implies that P do not parti
ipate to the game be-tween 
hildren: parent's 
hoi
e of F 
an only in
rease 
hildren utilities, thus

S1 and S2 de
ide regardless of P 's provision of formal 
are. In this setting
hild i utility is always positively a�e
ted by I−i: i's sibling informal 
areaugment the publi
 good enjoyed by i at no pri
e. Thus 
hild i either doesnot rea
t to a positive I−i, or his supply of informal 
are is 
rowded out, sin
e91



I−i substitutes Ii and i 
an re�allo
ate part of his resour
es to 
onsumption.Thus ea
h 
hild take parent and siblings de
isions as given and maximize
max
Ii,Li

{

UQ(F̄ + Ii + Ī−i) + V C(ω(T − Li) − ωIi)
}s.t. Li + Ii ≤ T

Li ≥ 0
Ii ≥ 0

(3.5)Non�negativity 
onstraints are imposed sin
e 
orner solutions are notruled out, i.e. i 
an 
hoose to work all his available time or to spend it allproviding 
are. The Kuhn�Tu
ker 
onditions are
−ω

∂V C

∂C
− λ1 + λ2 = 0 (3.6)

−ω
∂V C

∂C
+

∂UQ

∂Q
− λ1 + λ3 = 0 (3.7)

λ1(T − Li − Ii) = 0 (3.8)
λ2Li = 0 (3.9)
λ3Ii = 0 (3.10)Together with

λ1 ≥ 0; λ2 ≥ 0; λ3 ≥ 0The Kuhn�Tu
ker multipliers λ1, λ2 and λ3 
an be interpreted respe
-tively as the opportunity 
osts of working, leisure and informal 
are. Solvingthe maximization problem we get the optimal allo
ation of time by ea
hson: i allo
ates always all his time in the a
tivity 
hara
terized by the loweropportunity 
ost. Further more, any optimal allo
ation involving informal
are (i.e., if Ii > 0) does not involve leisure, sin
e its opportunity 
ost is
ertainly higher than the informal 
are's one: Ii and Li have the same 
ostin terms of forgone wages (i.e. they enter in the same way in V C), but Ii hasalso a utility in
reasing e�e
t sin
e it in
reases UQ, the altruisti
 part of US.Then regardless of λ1, λ2 < λ3 and therefore we obtain an internal solutiononly if working and providing 
are have the same opportunity 
ost, i.e. if
lambda1 = λ2.As we already stated P do not enter the game sin
e he 
an't in�uen
e I's
hoi
es with F , thus P 's maximization is:92



max
F

{

UQ(F + Īi + Ī−i) + U I(Īi) + U I(Ī−i) + V C(C̄i) + V C(C̄−i)
}s.t. pFF ≤ Y P

(3.11)Sin
e UQ is always in
reasing in F , the optimal 
hoi
e for P is to allo
ateall his resour
es to F : F̄ = Y P /pF .Those allo
ations are Pareto e�
ient, i.e. neither the sons nor the parent
an modify their 
hoi
e in su
h a way that either P , S1 or S2 are better o�without redu
ing someone else's utility. Nevertheless sin
e P prefers informalto formal 
are whatever is the 
hoi
e of I by his sons, UP as a fun
tion of
Ii, I−i is never maximized. This result motivates the introdu
tion of strate-gi
 bequest as in Bernheim et al. (1985): P 
an `substitute' formal 
arewith informal one 
ommitting to transfer a bequest to his sons. The newmaximization problems are:
max
F,B,β

{

UQ(F + Īi + Ī−i) + U I(Īi) + U I(Ī−i) + V C(C̄i) + V C(C̄−i)
}s.t. pFF + Bi(β) + B−i(β) ≤ Y P

(3.12)
Bi depends on β: the parents 
hooses how mu
h to transfer to his sons,but also how to split it between them.

Si problem: max
Ii,Li

{

UQ(Q) + V C(Ci)
}

s.t. Q = F̄ + Ii + Ī−i

Y i + B̄i(β̄) = Ci

Y i = ω(T − Li − Ii)
Li + Ii ≤ T
Li ≥ 0
Ii ≥ 0

(3.13)
The e�e
t of the transfer Bi on i's de
ision depend 
ru
ially on the sharingrule adopted by P . If Bi > 0, but the sharing rule is su
h that Bi does notdepend on −i's 
hoi
e (i.e. on 
are provided by siblings, I−i), the bequestdoes not alter the e�e
t of siblings' 
hoi
es about 
are provision on i's 
hoi
e.Then in this 
ase the only e�e
t of the bequest Bi > 0 is that it relaxes i'sbudget 
onstraint, but it does not 
hange the Kuhn�Tu
ker 
onditions andthe relative pri
es of working, leisure and informal 
are: if the opportunity
ost of Iiwas higher then the one of working, bequest 
annot indu
e the
hildren to provide informal 
are. Nevertheless, if in equilibrium without93



bequest Īi > 0, P 
an obtain extra 
are and therefore in
rease his utilitytransferring B to his 
hild. The starting point is that Īi > 0 implies thateither the opportunity 
ost of providing 
are is lower or it is equal to the oneof working. In the �rst 
ase, P substitutes formal with informal 
are: he willbuy F ∗ = (F̄ − δ) and indu
e i to allo
ate I∗
i = Īi + δ, where δ = B/pF .The new allo
ation does not alter i's utility: UQ is un
hanged sin
e Q is thesame; V C(Ci) is un
hanged as well sin
e the 
ost of the extra IC is balan
edby Bi. Parent's utility UP in
reases sin
e ∀I ∂U I/∂I > 0. Vi
e versa, ifshadow pri
es are equal and therefore we start from an internal solution(0 < Īi < T ), the UP growth due to a higher level of Ii and/or Ci does notne
essarily 
ompensate the parent's utility loss due to the in
ome redu
tion

−Bi. This is due to the fa
t that sin
e players 
hoose simultaneously P is notable to indu
e i to use Bi to maximize P 's utility: i will use the extra in
ometo augment his 
onsumption if his marginal utility ∂V C/∂Ci > ∂UQ/∂Ii,vi
e versa he will in
rease the informal 
are provision. In other words, the
hildren will provide an extra amount of I only if the altruisti motivationwill prevail. Then we make the same assumption Bernheim et al. (1985)did: Parent sele
ts the transfer subsequent to the 
hild's 
hoi
e of Ii. Sin
ethe transfer we are talking about is a bequest, this seems reasonable: themodel involves just one period, results do not 
hange with expe
ted inter�vivos transfers2. Thus, given the timing of the de
ision and the fa
t thatopportunity 
osts of working and providing 
are are the same, i anti
ipates
P 's transfer and allo
ate Bi to extra 
are as in the 
orner solution's 
ase.This result does not ne
essarily lead to a global maximum for P : if hisbudget 
onstraint is binding, he 
ould be unable to provide Bi up to the pointthat maximizes UP (I). Results 
hanges if P splits the overall bequest amonghis 
hildren proportionally to the 
are provided by ea
h of them: P 
an set
β in su
h a way he extra
ts an additional amount of informal 
are from ea
hson at the same pri
e as before. In the previous paragraphs the 
hild hada `monopoly' over Bi: i sets the pri
e for the extra 
are at the level thatmaximizes his utility (i.e. the transfer Bi that leaves his utility unaltered
ompared to the non�bequest 
ase). The presen
e of siblings 
an redu
e i'smarket power over the bequest. In order to 
larify this point, remeber we areassuming (without loss of generality) that there are two 
hildren. Bernheimet al. (1985) shows that if β assigns shares Bi proportional to Ii/I1 + I2, thenin equilibrium both I1 and I2 are greater or equal than without bequest. Wenow want to extend this result 
onsidering Li as endogenous. Let's 
all I∗

ithe informal 
are supplied by i at equilibrium without bequest. The sharing2On the empiri
al part we will 
onsider both expe
ted bequest and past inter vivostransfers, but the latter are not in
luded amongst the Parent's 
hoi
e variables94



rule is the following: if both S1 and S2 provide a level of 
are whi
h is higheror equal than I∗
i , ea
h one will re
eive a bequest proportional to the relativeamount of 
are provided:

Bi =
Ii

I1 + I2On the other hand, if one or both of them will provide an amount Ii < I∗
i ,the whole amount B will be given to the `most generous 
hild':

∃i : Ii < I∗
i ⇒ Bi =







B if Ii > I−i
0 if Ii < I−i
0 if Ii = I−i < mini I

∗
iThis is an appli
ation of the Rotten Kid theorem whi
h Bernheim et al.(1985) prove to hold with exogenous labor supply de
ision. In order to showthat the result holds also in our model, we rewrite the Kuhn�Tu
ker 
ondi-tions:

−ω
∂V C

∂C
− λ1 + λ2 = 0 (3.14)

(

∂B

∂Ii

− ω

)

∂V C

∂C
+

∂UQ

∂Q
− λ1 + λ3 = 0 (3.15)

λ1(T − Li − Ii) = 0 (3.16)
λ2Li = 0 (3.17)
λ3Ii = 0 (3.18)Then, sin
e ∂B/∂Ii > 0, from the �rst two 
onditions it's easy to see thatthe opportunity 
ost of informal 
are λ3 is still larger than the opportunity
ost of leisure λ2 and the di�eren
e (λ3 − λ2) in
reases with respe
t to the
ase of no bequest. Then λ's ordering is un
hanged, whi
h means that thebequest sharing rule does not alter the e�e
t of the labor parti
ipation 
hoi
eon the informal 
are one and Bernheim et al. (1985) still holds. What does
hange is the role of I−i on Si 
hoi
e: while without su
h a sharing rule 
hild

i utility is always positively a�e
ted by I−i, now it has also a negative e�e
t,sin
e Bi is de
reasing in I−i. Then if the strategi
 bequest motive is valid(and only in this 
ase), an in
rease in I−i 
ould have a positive marginale�e
t on i's supply of informal 
are.3.2.1 Relaxing the assumptions: one 
hild, two parentsWe assumed at the beginning of this se
tion that there are at least two
hildren. With a single 
hild and no bequest, the altruisti
 feature of 
hild's95



utility �n
tion (
an) lead to a positive provision of informal 
are, regardlessof parent's 
hoi
e of F . While it's meaningless speaking about sharing rulesin this 
ase, still P 
an indu
e an higher provision of I with respe
t to the`altruisti
' level 
ommitting to transfer a positive B to his 
hild. From awelfare perspe
tive, the presen
e of more than one 
hild has the same e�e
tas moving from a monopoly to an oligopoly: 
hildren - given the bequestamount and the sharing rule - 
ompete á la Cournot on quantities of informal
are to be sold to the unique 
lient, the parent. Equilibrium 
hara
teristi
sare the usual one of Cournot�Nash out
omes, in parti
ular the total amount
I1 + I2 supplied is larger than in monopoly.In other words the amount of informal 
are provided by ea
h 
hild de-pends 
ru
ially on the bargaining power of the parent. If there is only one
hild, P 
an in
rease the level of informal 
are only transferring part of hisdisposable in
ome to his 
hild. If there are two (or more) 
hildren he 
anmake them 
ompete for the bequest obtaining an extra amount of 
are fromthem. Nevertheless, if there is no bequest, there are no gains moving fromone to a higher number of 
hildren. From the son's point of view what mat-ters is the sharing rule: without bequest or if the bequest share is �xed,there is basi
ally no intera
tion among 
hildren: ea
h one 
an maximize hisown utility on his own time allo
ation and their 
hoi
es are not altered bythe presen
e of siblings. This is not true if the bequest amount dependson the relative supply of informal 
are. In this 
ase an in
rease in I−i in-
reases UQ but redu
es Bi: i must take it into a

ount on
e he maximizes US

i .The e�e
t of the presen
e of a spouse depends on how parent's householdde
ision pro
ess is modelled. A �rst 
hoi
e (the so�
alled `unitarian' model)is to assume that individuals have the same preferen
es and therefore thehousehold as a whole 
an be 
onsidered the elementary de
ision unit withits own unique utility fun
tion. This approa
h is not fully satisfa
tory. Anappealing alternative are models of `
olle
tive' utility: they are 
hara
terizedby two di�erent utility fun
tions and some de
ision rule to split resour
es.Chiappori (1992) provides a 
ommon framework for those models. In par-ti
ular, 
oherently with the previous se
tions, we assume individuals to bealtruisti
: the father's utility depends on his own 
are 
onsumption and onhis partner's utility. The de
ision rule 
an be thought of as a two�stage pro-
edure: �rst, parents share their in
ome and informal 
are provided by the
hildren, then ea
h of them optimally 
hooses his or her own 
onsumption.Chiappori (1992) result is that with 
olle
tive utility fun
tions any allo
ationthat respe
t this pro
ess is Pareto e�
ient. Whi
h parti
ular allo
ation isrea
hed depends on the shape of ea
h parent's utility. Within this frame-work a very simple utility spe
i�
ation is 
onsistent with saving 
hoi
es (see96



Browning (2000) for details on the model and Alessie et al. (2006) for anappli
ation). As long as 
hildren are altruisti
 toward parents' householdas a whole, any 
olle
tive utility is 
onsistent with the model developed inthe previous se
tions. We just need to assume that informal 
are is suppliedto the parent's household and not to ea
h member separately; bequest to
hildren is a di�erent good from bequest to the surviving spouse and parentshave a 
ommon budget 
onstraint to abide by.3.2.2 Empiri
al impli
ationsThe e
onomi
 model gives us a number of empiri
al impli
ations. In parti
-ular, we have three features to test on 
hildren 
hoi
es: �rst, endogeneity oflabor supply de
ision in informal 
are; se
ond, the intera
tions among 
hil-dren when 
hoosing how mu
h time to devote to 
aring; third, the relevan
eof the strategi
 bequest motive in 
hildren's 
hoi
es.While the �rst point is 
lear, some words should be spent on the followingtwo points, whi
h are related. If the bequest motive is purely altruisti
, orin general if expe
ted bequest do not depend on 
hildren's behavior, par-ent's expe
ted bequest or potential future transfers should have no role on
hildren de
ision. Further, ea
h 
hild i enjoys the publi
 good made up offormal 
are and informal 
are provided by ea
h of his siblings. Therefore i'shelp either is not a�e
t by his siblings' help, or it is 
rowded out by them.A 
omplementary relationship is not 
onsistent with su
h an explanation.Vi
e versa if the bequest motive is strategi
, the marginal e�e
t of parent'sexpe
ted bequest on informal 
are 
hoi
e should be positive and informal
are of ea
h 
hild 
an be in a 
omplementarity relation, but there 
annot be
rowding out. Thus we 
an dis
riminate among bequest motives estimatingthe marginal e�e
t on i's informal 
are supply of other sibling's help.On the parent's side, the main hypothesis is that informal 
are in
reasesutility derived from 
are. We 
an go further: the whole model holds also ifparent's utility depends only on total informal 
are (i.e. U I(I1)+ · · ·+U I(In)
an be repla
ed by U I(I1+· · ·+In)). Thus, we 
an test whether parents atta
ha di�erent value to ea
h 
hild or if they value informal 
are independentlyon the giver.
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3.3 The SHARE datasetWe use data from the Survey of Health, Ageing and Retirement in Europe(SHARE3). It 
olle
ts 
ross-national interdis
iplinary data on so
io�e
onomi

hara
teristi
s, health status, family and so
ial networks of persons aged 50and over. SHARE provides details about respondent's health and about theprovision of formal and informal 
are to the elderly people. Moreover thesurvey 
ontains spe
i�
 information about individual and household in
omeand about real and �nan
ial assets. SHARE dataset has a number of 
hara
-teristi
s that �ts our problem very well. First of all, the survey 
olle
ts twodi�erent types of health status measures: self-reported per
eived health andobje
tive measures of health. In the physi
al health module individuals areasked to self report their 
urrent health status. Two s
ales are allowed: theEuropean and the Ameri
an version of the so�
alled `per
eived health4'. Onthe other hand, there are many variables that give us an obje
tive measure ofhealth: we 
onsider two generated variables. The �rst des
ribes the numberof limitations with a
tivities of daily living (ADL5). The se
ond des
ribesthe number of 
hroni
 diseases reported by ea
h individual6. We use boththe subje
tive and the obje
tive measures in our analysis: we 
laim that3This paper uses data from release 2 of SHARE 2004. The SHARE data 
olle
tionhas been primarily funded by the European Commission through the 5th framework pro-gramme (proje
t QLK6-CT-2001-00360 in the themati
 programme Quality of Life). Ad-ditional funding 
ame from the US National Institute on Ageing (U01 AG09740-13S2, P01AG005842, P01 AG08291, P30 AG12815, Y1-AG-4553-01 and OGHA 04-064). Data 
ol-le
tion in Austria (through the Austrian S
ien
e Foundation, FWF), Belgium (through theBelgian S
ien
e Poli
y O�
e) and Switzerland (through BBW/OFES/UFES) was nation-ally funded. The SHARE data 
olle
tion in Israel was funded by the US National Instituteon Aging (R21 AG025169), by the German-Israeli Foundation for S
ienti�
 Resear
h andDevelopment (G.I.F.), and by the National Insuran
e Institute of Israel. Further supportby the European Commission through the 6th framework program (proje
ts SHARE-I3,RII-CT-2006-062193, and COMPARE, CIT5-CT-2005-028857) is gratefully a
knowledged.For methodologi
al details see Börsh-Supan and Jürgens (2005).4Respondent is initially randomised to answer to the European or to the Ameri
ans
ale of the self-per
eived health. At the end of the health module the respondent answersto the same question, but on the other s
ale so that we 
olle
t both measures for ea
hrespondent . The European s
ale is: 1 Very good, 2 Good, 3 Fair, 4 Bad and 5 Very bad.Ameri
an s
ale is: 1 Ex
ellent, 2 Very good, 3 Good, 4 Fair and 5 Poor5Six a
tivities are in
luded: dressing, walking, bathing or showering, eating, getting inand out of bed and using the toilet6The variable 
orresponds to the followings diseases: hearth atta
k, high blood pres-sure or hypertension, high blood 
holesterol, a stroke or 
erebral vas
ular disease, diabetes,
hroni
 bron
hitis or emphysema, asthma, arthritis, osteoporosis, 
an
er or malignant tu-mour, stoma
h or duodenal ul
er, Parkinson disease, 
atara
ts and hip fra
ture or femoralfra
ture 98



`per
eived health' is a measure of well�being that depends not only on theobje
tive health status, but also on so
ial supports and intera
tions betweenparents and 
hildren. In other words, we use per
eived health as a measure ofutility derived from 
aring, while 
ontrolling for obje
tive health. This is notthe only advantage of using SHARE: the dataset provides information on allour 
hoi
e variables, hours of informal 
are, hours of payed job, formal 
areand expe
ted bequest. Informal 
are is measured in hours of 
are re
eivedfrom every 
hildren of the respondent per week. SHARE reports three typesof help: personal 
are, help in housekeeping and paperwork. Most of thehours of help provided falls in the se
ond 
ategory. There is a wide hetero-geneity a
ross di�erent Countries (see table 1): while Central and NorthernCountries are those with the higher level of 
are, Southern ones are those wereamong those who provide 
are there is the higher share devoted to personal
are. This se
ond feature is in line with di�erent institutional arrangements:Northern Countries, whi
h have the most generous elders' support system,are those where 
hildren devote less time to personal 
are. Unfortunatelythe sample size do not allow us to exploit the di�eren
es among those threetypes of help: we are going to use the aggregate number of help hours a
rossthe three types of help. Thus, 
ross�
ountry 
omparison, whi
h is one of themain potentials of SHARE, will mix up institutional settings with 
ulturaldi�eren
es (see Reher (1998) for a dis
ussion on North�South di�eren
es infamily ties).The se
ond 
hoi
e variable we need is hours of payed job, whi
h are notdire
tly surveyed in SHARE. Nevertheless this does not mean we do nothave any information: we know whether ea
h 
hild does work or not, and ifhe/she works full time or part time. We used CESIFO tables on the average
olle
tively agreed normal annual working time by Country (EIRO data) andon the part�time average hours of work as a per
entage of full�time hours(OECD data) to build the working hours variable we need. Parent's �rst
hoi
e variable is formal 
are. Again, we have three measures of it: hoursper week of professional nursing 
are, hours re
eived of paid domesti
 helpand number of weeks in whi
h the respondent re
eived meals on wheels.Even if we fa
ed the same problem as with informal 
are data (i.e. too fewobservations to evaluate ea
h type of help separately), we were not able toaggregate them due to the di�erent units of measure. Thus we in
luded thethree variables separately despite the low number of observations.Last but not least SHARE allows us to build a proper measure of expe
tedwealth: individuals are asked whether they expe
t to leave more than 50.000euros as a bequest. Conditional on this �rst question, they are asked whetherthey expe
t to leave any bequest, or if they expe
t to leave more than 150.000euros. Using these answers we built an expe
ted bequest measure. Thus, we99



Table 3.1: Types of Informal and Formal CareSE DK NL DE BE FR AT CH IT ES GR ObsInformal 
arepersonal 
are 13 11 6 20 19 14 22 1 19 31 23 179
% 4.89 5.58 5.00 6.87 9.36 11.76 11.06 1.82 19.19 41.33 11.27 9.97housekeeping 235 179 83 266 186 90 172 41 67 58 136 1513
% 88.35 90.86 69.17 91.41 91.63 75.63 86.43 74.55 67.68 77.33 66.67 82.77paperwork 54 27 47 96 53 63 59 24 52 41 133 649
% 20.30 13.71 39.17 32.99 26.11 52.64 29.65 43.64 52.53 54.67 65.20 35.50hours of help 1.93 2.74 2.12 4.80 5.73 10.82 5.73 3.86 17.65 14.62 7.21per week (hours>0) Formal 
arenursing 
are 41 87 85 45 411 559 60 3 46 110 2 1449

% 1.35 5.10 2.86 1.53 10.84 17.72 3.23 0.30 1.82 4.79 0.07 5.14hours per week 8.34 9.31 7.88 14.11 4.25 3.50 28.65 1.00 4.52 2.66 30.50paid domesti
 help 131 166 262 46 375 219 59 10 68 94 3 1433

% 4.30 9.72 8.80 1.56 9.89 6.94 3.17 1.00 2.70 4.09 0.10 5.09hours per week 6.27 2.35 4.44 14.54 5.35 9.86 11.85 8.50 15.65 12.60 22.33meals on wheels 39 46 33 42 61 34 38 0 0 4 0 297

% 1.28 2.69 1.11 1.43 1.61 1.08 2.04 0.00 0.00 0.17 0.00 1.05# of weeks 16.73 27.31 19.53 20.47 19.38 21.67 29.39 0.00 0.00 3.75 0.00Informal Care givers % refers to 
hildren who give help. Formal Care givers % to all sample
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have the `perfe
t' measure: we do not have to rely on 
urrent wealth to inferexpe
ted bequest, thus the variable we use is exogenous by 
onstru
tion.The last 
hara
teristi
 of SHARE we have to 
onsider is that the datapotentially provides information on three generations: respondents, their
hildren and their parents. We fo
us on respondents and their 
hildren sin
ehealth measures are available only for respondents. This 
hoi
e may indu
ea bias: the sampling s
heme is based on the respondents, thus results onrespondent's 
hildren de
ision may not be representative for the whole 
hil-dren population. As far as we know the only author that ta
kled this issuein SHARE is Crespo (2007), who uses SHARE to analyse the role of infor-mal 
are a
tivity on female labor supply. She exploits information on bothsamples, �nding qualitatively similar results.3.4 The E
onometri
 spe
i�
ationBefore going to the spe
i�
ation of the e
onometri
 model we set up to testthe empiri
al impli
ations, some words must be spent on a hidden assumptionof the model: throughout the previous se
tions we didn't dis
uss the livingarrangement 
hoi
e of the 
hildren. Whether the 
hild 
o�resides with hisparents or not does 
hange his 
aring 
hoi
es. Living arrangements of theelderly has been previously studied by Börsh-Supan et al. (1988); Börsh-Supan et al. (1993) relate it to wealth and health while Alessie et al. (2006)relate it to saving 
hoi
es. In the present paper we assume living arrangementto be predetermined with respe
t to the 
aring 
hoi
e. This is 
learly asimplifying assumption, nevertheless it is not unreasonable: the hypothesisis that living arrangement depend on marriage, edu
ation or early job marketde
isions, whi
h 
an be safely 
onsidered as predetermined when individualsde
ide how to allo
ate time to elders' 
are. Co�residing 
hildren are onaverage younger than thirty years old, mu
h less than non 
ohabiting ones7.Further on, they tend to help less. This di�eren
e in the two subsamplemay be due to the fa
t that 
ohabiting 
hildren still have to de
ide abouttheir adult life living arrangement and, at the same time, they have youngerparents whi
h do not need 
are. Thus des
riptive statisti
s provide indire
tsupport to our assumption.The main obje
tive of the empiri
al analysis is to estimate simultaneouslyhow 
hildren allo
ate time to informal 
are, ICi and paid work WTi, togetherwith the e�e
t on their parents' utility, Ph. The system of simultaneousequations we want to estimate is therefore the following:7des
riptive statisti
s are reported in the appendix101



Ph = β1,1IC1 + β1,2IC2 + β1,3IC3 + β1,4IC4+
+β1,5PhSP + Xβ1,6 + XP β1,7 + u1

IC1 = γ2

∑

i6=1 ICi + Xβ2,6 + XICβ2,8 + β2,9WT1 + u2... ...
IC4 = γ5

∑

i6=4 ICi + Xβ5,6 + XICβ5,8 + β5,9WT4 + u5

WT1 = β6,1IC1 + Xβ6,6 + XWTβ6,14 + u6... ...
WT4 = β9,1IC4 + Xβ9,6 + XWTβ9,14 + u9

(3.19)
Where X is a matrix of n observation over kX exogenous variables 
om-mon to all equations (as an example 
ountry dummies), XP , XIC , XWT areexogenous variables whi
h appear only on the parent's equation, informal
are equations and working hours equations respe
tively. PhSP is the healthstatus of the spouse. Sin
e ea
h spouse enters the sample, Phi is the depen-dent variable for the ith observation, while it is PhSP , a regressor, for the ithspouse observation. Then, we assume u1,i, u1,j to be 
orrelated if i, j belongto the same household.The e
onomi
 model imposes restri
tions on the system whi
h allow usto estimate the parameters in several steps:1. First, the labor for
e parti
ipation 
hoi
e of 
hild i is endogenous onlyfor i's informal 
are 
hoi
e. In terms of system (3.19), WTi appears as aregressor only on ICi, while the only endogenous regressor in ea
h WTiequation is ICi. Then if we assume u to be IID up to the householdlevel, we 
an use the usual two step pro
edure: we instrument WTiwith years of edu
ation and number of 
hildren, then we plug ŴT ispredi
tions in ICi equations:

Ph = β1,1IC1 + β1,2IC2 + β1,3IC3 + β1,4IC4+
+β1,5PhSP + Xβ1,6 + XPβ1,7 + u1

IC1 = γ2

∑

i6=1 ICi + Xβ2, 6 + XICβ2, 8 + β2,9ŴT 1 + u2... ...
IC4 = γ5

∑

i6=4 ICi + Xβ5,6 + XICβ5,8 + β5,9ŴT 4 + u5

(3.20)
2. In ea
h ICi equation informal 
are provided by i's siblings (ICjs) enteronly through ∑j 6=i ICj. From an e
onomi
 point of view, this is sosin
e what matters on ea
h 
hild's de
ision is the aggregate supply of102




are by his siblings. Endogeneity problem is still there sin
e ∑j 6=i ICjis a fun
tion of endogenous regressors. In order to solve it we 
anuse the fa
t that 
hildren ordering is exogenous: 
hildren ordering isdes
ending in age. Then, ICi ∀i 
an be thought of as sampled fromthe same population. This fa
t allows us to sta
k ICi, WTi and all thedemographi
s in X whi
h refers to ea
h 
hild. The last four equationsof (3.20) 
an be rewritten as:
IC = γΠIC + Xβ2,6 + XICβ2,8 + β2,9ŴT + u2 (3.21)Where [π]ij = 1 if i 6= j and i, j are siblings.Equation (3.21) is linear in means and the endogeneity of ΠIC is due tothe so 
alled `re�e
tion problem' (see Manski (1993)): IC appears onboth sides of the equation. We 
an use spatial e
onometri
s methodsto estimate γ: Kelejian and Pru
ha (1998) suggest a GMM estima-tor, whi
h has been used in a simultaneous equations setting in Pasini(2006). Sin
e we assume u2 to be IID, the GMM estimator turns out tobe equal to a 2SLS estimator with instruments for ΠIC 
hosen among

ΠX and ΠXIC .We have an additional problem at this step: a high number of 
hildrendo not provide any help. Thus data are 
learly 
ensored and theymay su�er of a sample sele
tion problem. Therefore we estimate ea
hequation with a He
kman twostep pro
edure (see Vella (1998) for ageneral dis
ussion on models with sample sele
tion), where individuals�rst 
hoose whether to help or not, then they 
hoose how mu
h timeto spend 
aring8. Consistently with the dependent variable, the totalnumber of other siblings helping enters the set of �rst stage regressors,while the total number of hours provided by other siblings enter these
ond stage.3. The previous step's result 
an be used again as a preliminary step: weobtain predi
ted value of Π ˆICi and we use it to estimate the parametersin the �rst equation of (3.19)Standard errors should be 
omputed taking into a

ount this pro
edure.We didn't want to impose further stru
ture on the distribution of the uve
tor and at the same time we were worried to a

ount for potential het-eroskedasti
ity. Therefore, we used non parametri
 bootstrapping to obtain8We 
hose not to use ML estimate be
ause endogeneity of WT makes 
onvergen
e hardto get 103



standard errors and p�values both at the se
ond and at the last step. We
an safely bootstrap on ea
h step separately thanks to the simple residualsve
tor of the redu
ed form of (3.20).3.5 Empiri
al ResultsResults of the `
hildren' part of the estimation pro
edure are reported inthe appendix, i.e. the He
kman estimates of 
hildren's 
hoi
e, where threevariables are treated as endogenous: in the �rst stage probit, hours of payedjob and the number of siblings helping; in the se
ond stage linear regression,hours of payed job and the total number of hours provided by other siblings.The two main �ndings are that labor for
e parti
ipation e�e
t is signi�-
ant and negative on both stages, while so
ial intera
tion's e�e
t is signi�-
ant only on the de
ision to 
are, but not on the 
are's intensity. Sin
e bothhours of work and so
ial intera
tion parameters are instrumented, it's 
ru-
ial that the 
hosen instruments are valid and relevant. All the instrumentspass a Hansen J-test of over-identi�
ation run on the two stages separately(J�stat on �rst stage, 6.387, p�value 0.2704. J�stat on se
ond stage, 11.059p�value 0.0502). Years of edu
ation and number of 
hildren of ea
h 
hild arerelevant and they have the expe
ted signs on �rst stage regressions. Both
Πhourshelp and Πchildhelp are instrumented with the sums over the gen-der dummy, age, proximity, year of edu
ation and a dummy for not beingmarried. Instruments are relevant on both �rst stage regressions. Further,instruments are 
hosen appropriately: those supposed to instrument workhours are not signi�
ant on the so
ial intera
tion �rst stage equations, andvi
e versa9. Hausman test reje
ts exogeneity of other 
hildren's 
are vari-ables and hours of work: test statisti
 is 136.55, the p�value lower than 10−7.Last thing to 
he
k about the estimation pro
edure is the relevan
e of samplesele
tion: the Mills' λ is signi�
ant at 5% level.Sign and signi�
an
e suggest that informal 
are provided by ea
h 
hildand informal 
are of the other siblings are substitutes. This last �nding isparti
ularly relevant: intera
tion among 
hildren are signi�
ant and theirmagnitude is not negligible: an additional sibling helping indu
e a redu
tionof 10.6% on the probability of providing help, thus determinaning a largefra
tion of the sele
tion. The sign is reversed on the se
ond stage equation.Among those who helps (i.e., we 
onsider the marginal e�e
t on the observedsample), an additional 
hild helping implies 9.03 more hours spent provid-ing 
are. This may be due to the fa
t that on
e a 
hild de
ide to help, theamount of time spent helping depend on parent's health status, other things9�rst stage equation results are again reported in the appendix104



being equal. The e�e
t of an additional hour of payed work is quite small,and its signi�
an
e is strongly related with the gender dummy. Hours ofpayed job 
oe�
ient is signi�
ant at 10% and negative in the 
hoi
e equa-tion, 
on�rming that working and helping are substitutes. The sign is oddlyreversed on the se
ond stage, but it's no more signi�
ant. This is due tothe 
orrelation with gender, whi
h is positive and signi�
ant at the se
ondstage: gender is a major determinant of labor for
e parti
ipation, thus it'slikely that the two dummies 
apture related phenomena. This is 
on�rmedby the fa
t that in a preliminary version of the paper we used gender as aninstrument for labor for
e parti
ipation and payed work hours 
oe�
ient inboth stages were negative and strongly signi�
ant.Substitutability among 
hildren's help together with non�signi�
an
e ofexpe
ted bequest reje
ts the hypothesis of strategi
 bequest motive for 
are.Country dummies10 are in general signi�
ant. Signs are all negative inthe sele
tion equation, i.e. on the de
ision whether to help or not, 
oherentlywith the des
riptive statisti
s' eviden
e. Marginal e�e
ts on the 
are inten-sity equation (thus 
orre
ted by the sele
tion me
hanism) have signs whi
hare 
oherent with so
iologi
al explanations as in Reher (1998) and with insti-tutional di�eren
es: Northern 
ountries (Sweden, Denmark and The Nether-lands) have lower intensity 
ompared to Germany, southern Countries (Italy,Fran
e, Gree
e and Spain) a positive one. Signs of other Central EuropeanCountries are mixed. Nevertheless the non signi�
an
e of many Countrydummies in the se
ond stage warn to interpret these results with 
aution.Other 
ontrols have the expe
ted sign: the provision of 
are dependspositively on the number of parent's health diseases, on gender and age ofthe son. Single 
hildren provide more help than those who have siblings,and there's a positive and signi�
ant relation between 
are and proximityof 
hildren from parent's house: the nearest 
hild helps more than the 
hildwho lives far from parents. Parent's household in
ome redu
e the probabilityof helping, and 
an be interpreted as a proxy for formal 
are (note thatformal 
are variables turn out to be poorly signi�
ant, maybe for a quasi-
ollinearity reason similar to the gender/hours of work one). Money giftsand support from parents towards 
hildren indu
e a higher probability ofproviding 
are. This transfer 
annot be 
onfused with expe
ted bequest: inour model bequest or trasfers used as a mean to indu
e a higher provision of
are by parents must take pla
e after 
are provision.Table 5 reports the results of the se
ond part of the estimation pro
edure:2SLS estimates of the per
eived health status of parent for both s
ales. Re-meber that per
eived health (and well beig) s
ales are su
h that the higher10Germany is the ex
luded one 105



the dependent variable, the worse is health (and well being). The per
eived
ondition worsen for older parents while is better for more edu
atated. Asexpe
ted, there is a high positive 
orrelation between the self�reported healthand the obje
tive health, both in terms of ADL and 
hroni
 diseases. We
ontrol for formal 
are�giving, for household in
ome and expe
ted bequest.With respe
t to in
ome and wealth, the per
eption of health 
ondition is bet-ter the higher the family in
ome. The main result is that there is a negativee�e
t of informal 
are�giving, whi
h is signi�
ant with both the european andthe US s
ale: after 
ontrolling for obje
tive health, parent's status is bettero� when 
hildren help him. Furthermore, we tested whether parents valueinformal 
are from ea
h 
hild di�erently: we re�run the per
eived healthequation dividing help from ea
h 
hild and tested whether the parameterswere equal or not. We a

epted the test with the EU s
ale while we reje
twith the US one. These results do not allow us to get a 
lear 
on
lusion.Nevertheless the signi�
an
e of the total informal 
are provision supportsthe hypothesis that parents value informal 
are more than formal one.About other explanatory variables, spouse's per
eived health has a posi-tive marginal e�e
t, while the e�e
t of the spouse's obje
tive health is nega-tive. This result provide indire
t eviden
e on our 
laim that per
eived healthis a well�being measure: individual satisfa
tion grows with the spouse's one(whi
h �ts with an altruisti
 utility fun
tion), while the obje
tive health ef-fe
t may a

ount for a `
omparison' e�e
t: if the spouse su�er of 
hroni
diseases, the individual tend to value more his relatively healthier status.Country dummies are all negative, again in line with the observation that alarge fra
tion of 
hildren who help are from Germany.Further on, our 
laim is that per
eived health, Phi, is a good measure ofutility derived by 
are 
onsumption. SHARE provide us also a dire
t mea-sure of well being, i.e. a measure of subje
tive overall satisfa
tion. Sin
esubje
tive per
eption of well being and health status are logi
ally and empir-i
ally positively 
orrelated, as a robustness 
he
k we repeat our analysis onthe well being measure, and we �nd qualitatively similar results with a lowersigni�
an
e, thus supporting the idea that per
eived health is a more pre
isemeasure of satisfa
tion derived from health. The se
ond possible obje
tionto our 
hoi
e of per
eived health as a well being measure is the reverse: itmay simply 
apture health status, with no link to well being per
eption. Ifthis was the 
ase, on
e 
ontrolling for obje
tive measures of health and di�er-en
es in response s
ales (
aptured by 
ountry dummies), other determinantsof individual utility should not be signi�
ant. We showed that this is not the
ase, thus 
on�rming that self reported health is not just another measureof health status. 106



3.6 Con
lusionsWe developed a model for the intera
tion among parents and their 
hildrenfa
ing 
aring de
isions. Children de
ide how to allo
ate time to payed work,informal 
are to their parents and leisure. De
ision is taken strategi
ally, i.e.ea
h 
hild's 
hoi
e depends on his siblings' behavior. The main �nding forthis �rst part of the model is that time devoted to informal 
are by 
hild
i and 
hild j are substitutes. Parents' utility depends both on formal 
arebought on the market and informal 
are provided by his 
hildren. Parentsvalue informal 
are more than 
hildren do, therefore at any equilibrium theywould like to indu
e 
hildren to in
rease informal 
are supply. We testedfor bequest as a possible mean for parents to indu
e su
h extra supply by
hildren. Estimation results do not support the strategi
 bequest motive,therefore on
e the intera
tion e�e
t among 
hildren is 
ontrolled for, thenpositive and heterogeneous informal 
are provision is due to altruism andso
iologi
al and 
ultural attitudes. Further on, we do not �nd eviden
e ofsubstitutability of formal and informal 
are. While the �rst result is usefulto understand the dynami
 of 
hoi
es within households, the se
ond oneprovides an important poli
y impli
ation: formal 
are is not an instrumentto improve labor for
e parti
ipation. As an example, 
onsider a mother of ababy that also has to take 
are of an elder disabled parent. We 
laim that herreservoir wage depends on both types of 
are, but the State 
annot redu
e itby providing formal 
are for the elderly.We used self reported health as a measure of well being: after 
ontrollingfor formal 
are and obje
tive health status, su
h a measure is still informativeand 
aptures parent's utility derived from 
are 
onsumption. This has arelevant empiri
al impli
ation: the good news are that we 
an extra
t moreinformation than just health 
onditions from subje
tive questions, the badnews are that, on
e we rely on those measures instead of obje
tively measuredhealth, results may be biased.
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AppendixA Estimation results and Des
riptive statisti
sTable 3: First stage 2SLS regressionshours of job other's help other's hours of helpyears of edu
ation 0.658 ∗∗∗ -0.001 ∗ -0.016(0.034) (0.001) (0.015)# of 
hildren -1.290 ∗∗∗ -0.000 -0.124(0.103) (0.002) 0.045other 
hildren's gender -0.305 ∗∗ -0.000 0.241 ∗∗∗(0.145) (0.003) (0.063)other 
hildren's age -0.011 ∗∗ 0.002 ∗∗∗ 0.016 ∗∗∗(0.005) (0.000) (0.002)other's single 
ondition -0.892 ∗∗∗ -0.009 ∗∗∗ -0.019(0.160) (0.005) (0.069)other years of edu
ation 0.062 ∗∗∗ -0.001 ∗∗ -0.048 ∗∗∗(0.017) (0.000) (0.007)other proximity -0.921 ∗∗∗ 0.024 ∗∗∗ 0.584 ∗∗∗(0.195) (0.004) (0.084)
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Table 4: Two-stage He
kman with endogenous regressorsSe
ond stage First stagehours of help help from 
hildm.e� 
oe� m.e� 
oe�hours of work 0.180 0.117 -0.001 -0.009 ∗∗(0.167) (0.005)# siblings helping -0.106 -1.053 ∗∗∗(0.305)hours of help from other siblings 9.038 1.796(1.351)gender 4.130 3.939 ∗∗ -0.003 -0.028(1.761) (0.048)age -0.030 0.170 ∗∗ 0.003 0.029 ∗∗∗(0.081) (0.002)single 3.249 2.176 ∗ -0.015 -0.156 ∗∗∗(1.256) (0.033)Austria 0.612 -0.136 -0.010 -0.109 ∗∗(1.080) (0.055)Sweden -0.372 -0.252 ∗∗ -0.023 -0.273 ∗∗∗(1.085) (0.049)The Netherlands -0.693 -3.728 ∗∗∗ -0.033 -0.441 ∗∗∗(1.348) (0.061)Spain 8.330 1.822 -0.052 -0.946 ∗∗∗(3.900) (0.073)Italy 11.593 6.250 -0.047 -0.777 ∗∗∗(4.100) (0.068)Fran
e 5.525 1.583 -0.040 -0.573 ∗∗∗(2.624) (0.062)
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Table 4: Two-stage He
kman with endogenous regressorsSe
ond stage First stagehours of help help from 
hildm.e� 
oe� m.e� 
oe�Denmark -0.406 -0.053 0.005 0.051(1.241) (0.055)Gree
e 2.629 -0.050 -0.030 -0.390 ∗∗∗(1.391) (0.056)Switzerland -0.664 -2.749 -0.024 -0.303 ∗∗∗(1.838) (0.080)Belgium 1.574 -1.672 -0.036 -0.472 ∗∗∗(1.680) (0.055)# adl -0.939 0.374 0.019 0.191 ∗∗∗(1.033) (0.022)# spouse's adl 2.302 2.788 0.007 0.071 ∗∗∗(2.817) (0.023)hours of nursing 
are -0.062 -0.029 0.000 0.005(0.150) (0.003)hours of paid professional help 0.052 0.052 0.000 0.000(0.283) (0.002)weeks re
eived meals-on-wheels -0.071 0.011 0.001 0.012 ∗∗∗(0.028) (0.002)proximity 7.054 9.280 ∗∗∗ 0.033 0.323 ∗∗∗(2.946) (0.050)only 
hild 1.945 2.208 ∗ 0.004 0.038(1.206) (0.053)expe
ted bequest -0.583 -0.540 0.001 0.006(0.465) (0.012)# of 
hroni
 diseases 0.009 0.091 ∗∗∗(0.010)# of spouse's 
hroni
 diseases 0.000 0.004 ∗∗∗(0.000)household in
ome -0.005 -0.052 ∗∗∗(0.008)household wealth -0.080 -0.007 -0.001 -0.013 ∗∗∗(0.101) (0.003)�nan
ial transfers -1.743 0.961 0.018 0.165 ∗∗∗(1.146) (0.036)
ostant -15.793 ∗ -1.774 ∗∗∗(9.240) (0.226)sample size 26,867un
ensored obs 1,828
λ 6.582 ∗∗(2.771)Note: bootstrapped standard errors robust in parentheses.(*) Signi�
ant at 10%. (**)Signi�
ant at 5%. (***)Signi�
ant at 1%Germany is the ex
luded 
ountry 110



Table 5: Per
eived health equationEU s
ale US s
ale Well-beingage 0.004 ∗∗∗ 0.006 ∗∗∗ -0.004(0.001) (0.001) (0.001)gender -0.005 0.021 0.022 ∗(0.012) (0.014) (0.012)years of edu
ation -0.022 ∗∗∗ -0.025 ∗∗∗ -0.006 ∗∗∗(0.002) (0.002) (0.002)partner -0.207 ∗∗∗ -0.311 ∗∗∗ -0.578 ∗∗∗(0.027) (0.034) (0.030)Austria -0.144 ∗∗∗ -0.246 ∗∗∗ -0.044 ∗(0.027) (0.032) (0.024)Sweden -0.326 ∗∗∗ -0.687 ∗∗∗ -0.071 ∗∗∗(0.025) (0.027) (0.002)The Netherlands -0.264 ∗∗∗ -0.307 ∗∗∗ -0.263 ∗∗∗(0.023) (0.028) (0.022)Spain -0.168 ∗∗∗ -0.225 ∗∗∗ -0.107 ∗∗(0.031) (0.034) (0.032)Italy -0.087 ∗∗∗ -0.154 ∗∗∗ 0.133 ∗∗∗(0.027) (0.031) (0.027)Fran
e -0.248 ∗∗∗ -0.214 ∗∗∗ 0.115 ∗∗(0.023) (0.027) (0.025)Denmark -0.301 ∗∗∗ -0.553 ∗∗∗ -0.339(0.028) (0.033) (0.024)Gree
e -0.317 ∗∗∗ -0.322 ∗∗∗ -0.046(0.024) (0.027) (0.024)Switzerland -0.365 ∗∗∗ -0.343 ∗∗∗ -0.130 ∗(0.032) (0.040) (0.031)Belgium -0.308 ∗∗∗ -0.341 ∗∗∗ -0.100 ∗∗∗(0.023) (0.025) (0.021)# adl 0.298 ∗∗∗ 0.287 ∗∗∗ 0.099 ∗∗∗(0.014) (0.013) (0.014)# spouse's adl -0.009 0.000 0.022(0.014) (0.016) (0.014)spouse's per
eived health 0.150 ∗∗∗ 0.162 ∗∗∗ 0.292 ∗∗∗(0.012) (0.011) (0.016)# of 
hroni
 diseases 0.249 ∗∗∗ 0.293 ∗∗∗ 0.045 ∗∗∗(0.005) (0.005) (0.005)# of spouse's 
hroni
 diseases -0.042 ∗∗∗ -0.051 ∗∗∗ -0.003(0.006) (0.007) (0.005)help from 
hildren -0.005 ∗∗∗ -0.008 ∗∗∗ -0.004 ∗∗(0.001) (0.001) (0.002)hours of nursing 
are 0.002 0.003 ∗ 0.002 ∗∗(0.003) (0.002) (0.001)hours of paid professional help 0.002 0.003 -0.001(0.002) (0.002) (0.002)
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Table 5: Per
eived health equationEU s
ale US s
ale Well-beingweeks re
eived meals-on-wheels 0.002 0.001 0.001(0.002) (0.002) (0.001)household in
ome -0.012 ∗∗∗ -0.016 ∗∗∗ 0.013 ∗∗∗(0.004) (0.006) (0.005)household wealth -0.007 ∗∗∗ -0.005 ∗∗ -0.002(0.002) (0.002) (0.002)expe
ted bequest -0.026 ∗∗∗ -0.037 ∗∗∗ -0.025 ∗∗∗(0.005) (0.006) (0.005)only 
hild 0.050 ∗∗∗ 0.057 ∗∗∗ 0.042 ∗∗∗(0.013) (0.015) (0.013)
ostant 2.583 ∗∗∗ 3.262 ∗∗∗ 2.581 ∗∗∗(0.101) (0.123) (0.105)sample size 16248 16242 10323
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Table 6: Sample 
hara
teristi
s of 
are-giving 
hildrenSE DK NL DE BE FR AT CH IT ES GR# of observations 3,597 1,761 2,523 2,508 3611 2624 1832 945 2471 2270 2725(tot 26867)% 
o�residing 5.95 5.57 12.72 10.41 15.59 13.61 11.30 13.76 34.80 30.62 33.61average age:
o�residents 21.87 23.50 23.14 26.59 25.52 24.00 29.54 23.48 28.70 29.62 25.66non 
o-resident 37.36 37.82 36.03 38.13 37.63 37.15 38.69 37.82 38.54 38.79 38.43working hours:men 30.99 29.07 30.86 30.30 30.03 27.97 33.65 36.51 30.94 32.59 30.49women 25.84 23.10 21.73 22.28 25.61 23.98 25.39 25.79 21.36 22.38 20.81years of edu
ation 12.42 13.85 13.19 14.52 11.36 12.56 12.66 13.46 11.74 10.69 12.74number of 
hildren 1.23 1.24 0.94 0.98 1.14 1.12 1.08 0.93 0.81 0.93 0.83single (%) 33.53 49.12 38.92 46.05 34.89 48.93 46.29 52.06 43.18 40.79 48.51Proximity to parents (%):same building 0.50 0.68 0.48 7.54 1.02 0.69 8.52 3.17 7.49 3.30 9.28less than 1 km 8.59 7.50 10.74 8.81 12.85 8.00 11.52 8.99 12.71 21.06 11.71less than 5 km 16.24 15.11 24.02 16.95 20.83 12.12 17.90 14.81 14.12 13.88 11.34less than 25 km 22.02 25.55 22.00 20.57 27.31 20.12 22.54 25.08 14.20 11.94 12.51less than 100 km 17.60 22.32 16.69 13.60 15.51 16.43 12.77 17.88 6.48 7.36 4.59less than 500 km 18.71 18.80 10.82 15.15 4.26 13.99 11.08 11.32 3.04 6.17 10.02more than 500 km 10.40 4.49 2.54 6.98 2.63 15.05 4.37 4.97 7.16 5.68 6.94only 
hild (%) 7.53 7.95 6.42 15.03 12.13 11.01 13.86 8.78 11.41 8.50 9.54help to parents (%) 7.40 11.19 4.76 11.60 5.62 4.54 10.86 5.82 4.01 3.30 7.49help from daughter 40.23 41.12 49.17 54.30 55.67 57.98 53.77 61.82 63.64 65.33 57.84
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Con
lusionThe message of this dissertation is that so
ial intera
tions matter. I presentthree e
onomi
 models that share the 
ommon feature that they a

ount forthe simultaneous and inter�dependent 
hoi
es of referen
e group members. Inthe �rst 
hapter a demand system with so
ial intera
tions is presented. Themodel allows individual allo
ations to depend on referen
e group averagebehavior. Empiri
al eviden
e 
on�rm this dependen
e: so
ial intera
tione�e
t is large and its magnitude varies with the visibility of ea
h good. Inthe se
ond 
hapter I study market insuran
e demand when individuals 
anenter non�market agreements with their peers. The theoreti
 model impliesthat moral hazard involved in informal agreements de
reases with the densityand 
ohesiveness of the so
ial network ea
h individual is part of, and thereforeinsuran
e demand grows with the sto
k of so
ial 
apital. The model is testedon Italian data, 
on�rming the role of so
ial 
apital. Further on, it explainspart of the spatial 
orrelation among provin
es in premia per 
apita. Thelast 
hapter sets up a game theoreti
al model to study how adult 
hildren
hoose how mu
h time to spend 
aring for their parents. Results 
on�rmthat 
hildren behave strategi
ally: the more other 
hildren help, the lessea
h 
hild provide 
are to their parents.Throughout the 
hapters estimation is 
arried on with a new pro
edurethat relies on tools taken from the spatial e
onometri
s literature. Su
h anapproa
h solves the issues arising from Manski's re�e
tion problem as othermethods do but has the advantage of being appli
able to population�widedatasets: this is not true for maximum likelihood estimation. The methoddo not depend on the parti
ular appli
ation 
hosen: The three 
haptersdi�er substantially on this point, underlining the se
ond advantage of theproposed pro
edure: it 
an be applied on any 
ontext in whi
h so
ial in-tera
tions are potentially relevant and agents 
an be represented as pointson a N�dimensional latti
e. Thus, the possible resear
h dire
tions stem-ming from the present work are both applied and methodologi
al. As anexample, a potentially interesting appli
ation are asset allo
ation problems:market parti
ipation de
ision may well depend on so
ial intera
tions. The114



pro
edure 
an be used in other �elds as well, i.e. in models that assess thedeterminants of 
rime, or how expe
tations on edu
ational attainments ariseamong others. Further on, the method is appli
able to models of strategi
behavior that do not relate dire
tly to individual so
ial intera
tions. As anexample it 
ould be used to model �rms' 
hoi
es with respe
t to oligopolisti
and 
artel behavior, or to merge and a
quisitions.From a methodologi
al point of view, it would be interesting to extend theresults to a

ount for endogenous peer formation. In the proposed pro
edurethe referen
e group may be unknown, but it must be �xed along time andexogenous: relaxing these assumptions 
ould lead to a promising empiri
al
ounterpart to the the growing theoreti
 literature on network formation.
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